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Summary
What is already known about this topic?
School-aged children represent a particularly vulnerable
population  for  influenza  transmission  due  to  their
dense  social  interactions  and  limited  awareness  of
protective  measures.  Since  2019,  Shenzhen  has
provided  free  influenza  immunizations  to  this
demographic,  with  vaccination  campaigns  typically
initiated during the autumn months.
What is added by this report?
This  study  utilized  influenza  surveillance  data  from
Shenzhen  to  develop  an  age-stratified  compartmental
model  for  epidemiological  simulations,  evaluating  the
disease  burden  prevented  by  influenza  vaccinations
among  school-aged  children  during  the  2023–2024
season.  Additionally,  an  optimization  framework  was
developed  to  design  strategic  vaccination  schedules
while considering the importance of maintaining stable
public health policies over time.
What  are  the  implications  for  public  health
practice?
The  findings  suggest  concentrating  vaccination  efforts
during  November  and  December;  however,  optimal
strategies  may  vary  depending  on  specific  influenza
transmission patterns. A more robust approach involves
implementing  a  generalized  strategy  optimized  using
historical  seasonal  data  with  comparable  transmission
characteristics.

 

ABSTRACT

Introduction:  School-aged  children  are  primary
vectors  for  influenza  transmission  through  their
frequent  close  contact  in  educational  settings  and
developing  immune  awareness.  Since  2019,  the
Shenzhen  municipal  government  has  implemented
annual,  free,  influenza  vaccination  programs  targeting

eligible  primary  and  secondary  school  students.
However, evidence-based strategies specifically tailored
to this demographic remain insufficient.

Methods: This  study analyzed weekly  influenza-like
illness (ILI) surveillance data and laboratory-confirmed
positivity  rates  from Shenzhen during  the  2023–2024
season.  It  developed  an  age-stratified  Susceptible–
Exposed–Symptomatic–Asymptomatic–Recovered–
Hospitalized–Deceased–Vaccinated  compartmental
model  integrated  with  the  Ensemble  Adjustment
Kalman Filter (EAKF) algorithm to estimate historical
transmission  parameters  and  quantify  vaccination
impact.  The  Upper  Confidence  Bound  applied  to
Trees  (UCT)  algorithm  was  used  to  optimize  the
vaccination  schedule  and  evaluate  multiple  strategic
scenarios comparatively.

Results: Compared to a no-vaccination scenario, the
current  government  strategy  prevented  approximately
1,285,925  [95%  confidence  interval  (CI):
1,240,671–1,331,180]  symptomatic  infections  and
56,956  (95%  CI:  55,118–58,793)  hospitalizations.
Under  identical  vaccine  supply  conditions,  the
optimized  strategy  recommends  vaccinating  30%,
25%,  and  5%  of  school-aged  children  in  November,
December,  and  January,  respectively.  This  optimized
approach  would  avert  approximately  1,469,368  (95%
CI: 1,392,734–1,546,002) symptomatic infections and
64,442  (95% CI:  61,269–67,615)  hospitalizations —
representing 14.3% and 13.1% improvements over the
government  strategy,  respectively.  Additionally,  a
generic  strategy  developed  using  2017–2019  data
performed  well  during  2023–2024,  demonstrating
cross-seasonal adaptability.

Conclusions:  Concentrating  influenza  vaccination
efforts  among  school-enrolled  children  during
November and December significantly  reduces  disease
burden and represents a critical strategy for controlling
influenza transmission.
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Influenza  represents  a  significant  acute  respiratory
infectious  disease  that  poses  substantial  public  health
challenges  worldwide.  Educational  institutions,
characterized  by  dense  student  populations,  limited
mobility  patterns,  and  frequent  close  interpersonal
contact,  constitute  particularly  high-risk  environments
for  influenza  transmission  and  outbreaks  (1).  School-
aged children demonstrate heightened susceptibility to
viral  infection  compared  to  adults  and,  once  infected,
typically exhibit prolonged viral shedding periods with
higher  viral  loads  (2).  These  epidemiological
characteristics  underscore  the  critical  importance  of
implementing  targeted,  evidence-based
countermeasures  within  school  settings.  Among
available  pharmaceutical  interventions,  vaccination
remains  the  most  effective  strategy  for  preventing
influenza-related infections (3).

Since  2019,  Shenzhen’s  vaccination  program  has
provided  free  influenza  vaccinations  to  school-aged
children,  typically  implementing  these  programs
during  October  and  November  each  year.  Despite
extensive  research  on  influenza  vaccination
optimization  strategies  (4–5),  the  evidence  base
supporting  vaccination  decisions  for  this  specific
population  remains  limited,  creating  a  gap  between
theoretical  recommendations  and  practical
implementation for school-based programs.

To assess the epidemiological impact of school-based
vaccination  programs,  this  study  analyzed  influenza
transmission  patterns  in  Shenzhen  during  the
2023–2024  season  and  compared  observed  outcomes
with  simulated  scenarios  assuming  no  vaccination
intervention.  This  study  utilized  weekly  ILI+  proxy
data  spanning  August  2023  to  July  2024,  along  with
vaccination  coverage  data  provided  by  the  Shenzhen
Center for Disease Control and Prevention (CDC), to
estimate  reductions  in  infections  and  hospitalizations
attributable  to  vaccination  (Supplementary  Material
and  Supplementary  Figure  S1,  available  at  https://
weekly.chinacdc.cn/).  The  ILI+  proxy  integrates
influenza-like  illness  (ILI)  rates  with  laboratory-
confirmed  positivity  rates,  providing  a  comprehensive
measure of influenza activity that captures both clinical
presentation  and  virological  confirmation.  To
reconstruct historical influenza transmission dynamics,
this  study  implemented  an  age-specific  Susceptible  –
Exposed – Symptomatic – Asymptomatic – Recovered –
Hospitalized – Deceased – Vaccinated  (SEYARHDV)
compartmental  model,  which  effectively  characterizes
viral  spread  across  different  population  segments
(Supplementary  Material,  Supplementary  Figure  S2,

and  Supplementary  Table  S1,  available  at  https://
weekly.chinacdc.cn/).  By  coupling  this  transmission
model  with  the  Ensemble  Adjustment  Kalman  Filter
(EAKF)  algorithm  (6),  this  study  estimated  time-
varying  transmission  rates  and  other  epidemiological
parameters  to  quantify  the  public  health  impact  of
vaccination  programs,  specifically  measuring
reductions  in  symptomatic  infections  and
hospitalizations (Supplementary Material).

For  the  optimization  process,  this  study  employed
the Upper Confidence Bound applied to Trees (UCT)
algorithm to  identify  an  optimal  vaccination  schedule
for school-aged children (Supplementary Material) (7).
To  address  implementation  challenges  such  as
dispersed  vaccination  timing  and  uneven  distribution
patterns,  it  introduced  a  smoothness  constraint  to
ensure  gradual  policy  rollout  and  prevent  abrupt
strategic  shifts.  The  optimization  framework  begins
each September — coinciding with the  academic year
commencement — and spans a 12-month period with
monthly decision intervals, aiming to minimize annual
influenza-related  hospitalizations.  Based  on  the
vaccination  strategy  implemented  by  the  Shenzhen
government, as documented by the Shenzhen CDC for
2023–2024,  this  study  established  an  annual
vaccination rate  of  60%  for  children aged 6–18 years.
Each  month  offers  6  vaccination  options:  0%,  5%,
10%,  25%,  30%,  or  45%,  permitting  up  to  45%  of
school-aged  children  to  receive  vaccination  monthly.
For other age groups (0–5 years, 19–59 years, and ≥60
years), monthly and annual vaccination rates align with
actual vaccination data from 2023 to 2024. Under the
baseline strategy — where annual vaccination rates are
distributed  evenly  across  months  —  school-aged
children  receive  a  consistent  monthly  vaccination  rate
of  5%,  while  other  groups  maintain  their  default
settings.  Vaccines  are  administered  uniformly
throughout  each  day.  Additional  experimental  details
are provided in Supplementary Material.

For  the  2023–2024  period,  this  study  fitted  the
SEYARHDV  model  and  found  that  the  influenza
season  extended  from  September  2023  to  May  2024,
with  a  peak  ILI+  proxy  of  0.0665  (Figure  1A).  In  a
simulated  scenario  without  vaccination,  the  projected
peak  ILI+  proxy  increased  dramatically  to  0.2728,
demonstrating the critical importance of vaccination in
epidemic  control.  The  Shenzhen  vaccination  program
prevented  approximately  1,285,925  (95%  CI:
1,240,671–1,331,180)  symptomatic  infections  and
56,956  (95%  CI:  55,118–58,793)  hospitalizations  in
2023–2024.  By  comparison,  the  baseline  vaccination
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strategy  prevented  only  704,669  (95%  CI:
669,089–740,249) symptomatic infections and 32,175
(95%  CI:  30,641–33,709)  hospitalizations,
demonstrating  substantially  lower  effectiveness  than
the  government’s  approach.  Using  the  same  vaccine
supply,  the  optimized  strategy  recommended
vaccinating  30%,  25%,  and  5%  of  school-aged
children  in  November,  December,  and  January,
respectively.  This  optimized  approach  could  prevent
1,469,368  (95%  CI:  1,392,734–1,546,002)
symptomatic  infections  and  64,442  (95%  CI:
61,269–67,615)  hospitalizations.  Compared  to  the
government’s  vaccination  strategy,  the  optimized
approach  achieved  a  14.3%  greater  reduction  in
symptomatic infections and a 13.1% greater reduction
in  hospitalizations,  demonstrating  superior
effectiveness  in  controlling  influenza  transmission.

Figure  1B  illustrates  the  differences  in  ILI+  proxy
trends  across  vaccination  strategies.  Similar  analyses
were  conducted  using  2017–2019  data,  with  results
provided  in  Supplementary  Material  and
Supplementary  Figure  S3  (available  at  https://weekly.
chinacdc.cn/).

To  develop  a  vaccination  strategy  applicable  to
future influenza seasons, this study sought to derive an
optimal  approach  using  historical  data  that  could  be
applied  to  prospective  scenarios.  It  optimized
vaccination  strategies  for  the  2017–2018  and
2018–2019 influenza seasons using data from 2017 to
2019  (Supplementary  Material).  A  comprehensive,
universal  strategy  was  obtained  by  calculating  a
weighted average of the optimization results from these
two  seasons,  which  recommended  vaccinating  15%
and  45%  of  school-aged  children  in  October  and
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FIGURE 1. Model  fitting  and  simulation  of  influenza  activity  under  different  vaccination  strategies,  Shenzhen,  2023–2024.
(A) Observed ILI+ proxy from surveillance data (red) and corresponding model fitting results (blue line with shaded 95% CI).
(B)  Comparison  of  observed  ILI+  (red)  with  model-simulated  outcomes  under  two  strategies:  baseline  (orange)  and
optimized (green), shown as lines with shaded 95% CIs.
Note:  All  scenarios  assume  the  same  annual  vaccine  coverage.  For  school-aged  children,  only  the  monthly  distribution
differs; other age groups follow actual 2023–2024 rates.
Abbreviation: CI=confidence interval; ILI+=influenza-positive proportion.
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November,  respectively.  When  this  strategy  was
applied  to  the  2023–2024  influenza  season,  it
potentially  reduced  symptomatic  infections  by
1,187,407  (95%  CI:  1,150,194–1,224,620)  and
hospitalizations  by  52,924 (95% CI:  51,408–54,439).
Although this strategy’s effectiveness was slightly lower
than  the  government-enforced  strategy,  it
demonstrated  robust  performance,  making  it  suitable
for  vaccination  policy  recommendations.  The
difference  in  effectiveness  can  be  attributed  to
significant  variations  in  transmission  patterns  across
different  influenza  seasons.  For  instance,  the
2017–2018  influenza  season  was  predominantly
confined to the winter-spring period with relatively low
case  numbers,  while  the  2018–2019  season
experienced significant outbreaks in both winter-spring
and  summer  periods.  In  contrast,  the  2023–2024
season  extended  from  summer  and  autumn  to  the
following  spring  and  summer,  with  a  higher  overall
peak.  These  findings  suggest  that  future  strategy
optimization  should  incorporate  more  comprehensive
historical  data  and  predictions  about  influenza
transmission  levels.  A  universal  strategy  optimized
using  data  from  seasons  with  similar  transmission
patterns  would  likely  prove  more  effective  and  better
suited  to  adapting  to  the  dynamic  nature  of  influenza
transmission.

To  better  understand  how  different  age  groups
contribute  to  the  observed  vaccination  effectiveness,
this  study  conducted  additional  simulations  by
sequentially  removing  vaccination  coverage  for  each
age  group  while  maintaining  coverage  for  all  others.
This  approach  allowed  the  quantification  of  the
marginal  impact  of  each  age  group  on  overall  disease
burden  during  the  2023–2024  season.  The  results
demonstrated  that  removing  vaccination  for  the  6–18
year  group  led  to  the  most  substantial  increase  in
disease  burden,  resulting  in  an  estimated  3,823,546
(95%  CI:  3,513,522–4,133,570)  symptomatic
infections  and  175,283  (95%  CI:  162,422–188,143)
hospitalizations — substantially higher than any other
age  group.  In  comparison,  removing  vaccination  for
the  0–5  year  group  resulted  in  2,679,188  (95%  CI:
2,406,184–2,952,192)  symptomatic  infections  and
128,517 (95% CI: 116,848–140,186) hospitalizations.
Removing  vaccination  for  the  19–59  year  group
yielded  2,719,808  (95%  CI:  2,444,489–2,995,128)
symptomatic  infections  and  130,408  (95%  CI:
118,631–142,185)  hospitalizations.  Finally,  removing
vaccination  for  the  ≥60  year  group  led  to  2,677,089
(95%  CI:  2,404,110–2,950,069)  symptomatic

infections  and  130,414  (95%  CI:  118,546–142,282)
hospitalizations. These findings highlight that while all
age  groups  contribute  to  overall  protection,  the
marginal impact of vaccinating school-aged children is
notably  greater  in  reducing  population-level
transmission  and  disease  burden.  This  result  aligns
with  both  theoretical  expectations  and  practical
implementation, as the Shenzhen vaccination program
has  primarily  targeted  school-aged  children  and
achieved the highest coverage in this demographic. 

DISCUSSION

The  spread  of  influenza  has  created  severe  health
challenges  among  school-aged  children.  This
demographic  faces  heightened  susceptibility  to  cross-
infection  within  school  environments  due  to  their
limited  self-protection  awareness  and  frequent  close
peer  interactions  (8).  Such  intensive  contact  not  only
facilitates  within-school  transmission  but  also
significantly  amplifies  community-level  spread.
Infected  children  often  serve  as  vectors,  carrying  the
virus  into  their  households  and  triggering  cascading
consequences,  including  parental  absenteeism  and
secondary infections among family members. Research
demonstrates  that  for  every  10  students  absent  from
school  due  to  influenza,  approximately  8  household
members  subsequently  become  ill,  with  illness  rates
within 3 days of school absence being 2.2 times higher
than  expected  during  the  influenza  season  (9).  This
evidence confirms that school-aged children frequently
serve  as  primary  introducers  of  influenza  into
households.  Consequently,  vaccinating  school-aged
children  not  only  reduces  their  individual  disease
burden  but  also  disrupts  transmission  pathways
between  schools  and  households,  helping  to  curb
broader  community-level  spread  and  thereby
alleviating the overall public health and socioeconomic
burden of seasonal influenza.

Although  school-aged  children  are  not  traditionally
considered the primary target of influenza vaccination,
many  countries  now  recommend  including  them  in
immunization  programs  as  an  extension  of  existing
plans  (10).  This  shift  reflects  growing  recognition  of
their  central  role  in  influenza  transmission.  In
Shenzhen,  influenza  vaccination  is  available  to  all
individuals  aged  6  months  and  older,  with  free
vaccinations  currently  accessible  only  to  school-aged
children  and  elderly  individuals  aged  60  and  above.
Others  who  intend  to  receive  vaccinations  need  to
voluntarily  visit  clinics  at  their  own  expense  for
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preventive  immunization.  It  is  worth  noting  that
influenza  vaccination  for  the  elderly  is  also  entirely
voluntary.  Hence,  this  study  investigated  the  public
health  benefits  of  vaccination  policies  and  examined
optimal strategies for vaccinating school-aged children.
Its  findings  underscore  the  importance  of  vaccination
timing  and  coverage,  highlighting  the  advantages  of
well-planned public health interventions.

This  study  has  several  limitations  that  should  be
acknowledged.  First,  its  investigation  of  vaccination
strategies  did  not  consider  other  interventions  such  as
social  distancing  measures.  Second,  this  study  utilized
weekly ILI+ proxy data and healthcare-seeking rates to
estimate  symptomatic  incidence  in  the  general
population  from  municipal-scale  data,  which  may
introduce biases in attack rate calculations. Third, this
study  considered  only  six  possible  vaccination  actions
to  balance  varying  vaccination  rates  while  minimizing
computational complexity. It also assumed a maximum
monthly  vaccination  rate  of  45%,  which  constrained
this  study’s  action  space.  Regions  can  adjust  these
actions  and  constraints  based  on  their  vaccination
capacity  and  local  conditions.  Fourth,  since  unified
mass  influenza  vaccination  targets  only  school-aged
children, this study assumed vaccination rates for other
age  groups  remained  fixed  and  focused  solely  on
optimizing  the  vaccination  schedule  for  school-aged
children.  However,  this  methodology  can  be  similarly
applied to other regions and age groups.

This  study’s  findings  demonstrate  that  Shenzhen’s
large-scale,  targeted  vaccination  program  for  school-
aged  children  substantially  reduces  influenza-related
disease  burden,  including  both  infections  and
hospitalizations.  The  optimization  algorithm  that  this
study  developed  provides  a  valuable  framework  for
refining  vaccination  strategies  across  different  settings.
While  vaccination  approaches  may  require  adaptation
to  specific  influenza  transmission  patterns,
concentrating  vaccination  efforts  during  November
and  December  consistently  proves  effective,
establishing a robust foundation for future vaccination
policies. 
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SUPPLEMENTARY MATERIAL
 

Data Description
The  Shenzhen  Center  for  Disease  Control  and  Prevention  provided  influenza-like  illness  (ILI)  rates  and

laboratory-confirmed positivity rates for Shenzhen across 2 distinct periods: Week 45 of 2017 to Week 44 of 2019,
preceding the implementation of large-scale centralized vaccination policies for school-aged children, and Week 32
of  2023  to  Week  31  of  2024,  following  policy  implementation  (Supplementary  Figure  S1).  Data  from  2019  to
2023  were  excluded  to  eliminate  potential  confounding  effects  from the  coronavirus  disease  2019  pandemic.  ILI
encompasses  patients  presenting  with  acute  respiratory  infection,  fever  (≥38  °C),  cough,  and/or  sore  throat.  The
ILI+ proxy represents the proportion of influenza-positive cases among individuals seeking medical care, calculated
by multiplying the ILI rate (ILI%) by the laboratory-positive rate. Influenza season onset is identified as the initial
period of 3 consecutive weeks during which ILI+ records exceed a specified baseline, defined as the 40th percentile
of  non-zero  ILI+  records.  The  season  concludes  when  2  consecutive  weeks  show  ILI+  records  falling  below  this
baseline following onset.  To exclude transient spikes,  only periods where ILI+ records consistently exceed 3 times
the baseline are considered part of the influenza season (1).

This study assumed a parameter μ to map weekly ILI+ proxy values to weekly symptomatic incidence rates in the
general  population.  To  determine  the  optimal μ  value,  we  selected  values  in  0.05  increments  within  the  0  to  1
range.  The optimal μ value was identified by minimizing the mean squared error (MSE) between simulated and
observed ILI+ proxy means. 

Epidemic Influenza Transmission Model
This  study  employed  an  age-specific  Susceptible  –  Exposed  –  Symptomatic  –  Asymptomatic  –  Recovered  –

Hospitalized  –  Deceased  (SEYARHD)  model  to  conduct  retrospective  forecasts  of  multiple  influenza  seasons
(Supplementary Figure S2A). To explore optimal vaccination strategies, we incorporated a Vaccinated state into the
model (Supplementary Figure S2B), resulting in the SEYARHDV model with the following equations:

St+,a = St,a − βtSt,a


∑
i=

(Yt,i + ωAt,i)φai/ψa + pRSRt,a − ut,aψaSt,a/ (St,a + At,a) + fV
t,a

Et+,a = Et,a + βtSt,a


∑
i=

(Yt,i + ωAt,i)φai/ψa − pEYAEt,a + βt



∑
j=

( − vj)Vj
t,a



∑
i=

(Yt,i + ωAt,i)φai/ψa

Yt+,a = Yt,a + σp
EYAEt,a − pYHYt,a − pYRYt,a

At+,a = At,a + ( − σ) pEYAEt,a − pARAt,a

Rt+,a = Rt,a + pARAt,a + pYRYt,a + pHRHt,a − pRSRt,a

Ht+,a = Ht,a + pYHYt,a − pHRHt,a − pHDHt,a

Dt+,a = Dt,a + pHDHt,a

V
t+,a = V

t,a + ut,aψaSt,a/ (St,a + At,a) − fV
t,a − βt ( − v)V

t,a



∑
i=

(Yt,i + ωAt,i)φai/ψa

Vk
t+,a = Vk

t,a + fk−Vk−
t,a − fkVk

t,a − βt ( − vk)Vk
t,a



∑
i=

(Yt,i + ωAt,i)φai/ψa, k = , , , 

V
t+,a = V

t,a + fV
t,a − fV

t,a − βt ( − v)V
t,a



∑
i=

(Yt,i + ωAt,i)φai/ψa

(1)

where t represents the time step and a represents age groups (a = 1, 2, 3, 4). S, E, Y, A, R, H, D, and V denote the
proportions  of  the  population  that  are  susceptible,  exposed,  symptomatic  infected,  asymptomatic  infected,
recovered,  hospitalized,  deceased,  and  vaccinated,  respectively.  To  capture  the  rise  in  vaccine  efficacy  at  1  month
followed by a decline at 6 months post-vaccination (2), V is divided into 6 sub-compartments, each with a vaccine
efficacy vk and transition rates between sub-compartments fk (k = 1, 2, .., 6). Since asymptomatic individuals exhibit
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no symptoms,  influenza  vaccines  may  be  administered  to  both  susceptible  and  asymptomatic  individuals,  though
effectiveness is limited to susceptible individuals in preventing infection. ut,a represents the vaccination rate of age
group a at time t. βt indicates the transmission rate at time t, defined as the probability of successful transmission per
contact. φai  denotes  the  average  number  of  contacts  an  individual  in  age  group  a  has  with  age  group  i. ψa
represents  the  population  proportion  in  age  group  a.  ω  denotes  the  relative  infectiousness  of  asymptomatic
infections compared to symptomatic infections. σ indicates the proportion of cases that become symptomatic. pEYA

represents the transition rate from the exposed state; pYH denotes the hospitalization rate of symptomatic cases; pYR,
pAR,  and  pHR  represent  the  recovery  rates  of  symptomatic  cases,  asymptomatic  cases,  and  hospitalized  patients,
respectively;  pHD  represents  the  mortality  rate  of  hospitalized  patients.  The  specific  epidemiological  parameter
values for the model are presented in Supplementary Table S1.
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SUPPLEMENTARY FIGURE S1. Weekly trends of ILI%, laboratory-confirmed positivity rate, and the calculated ILI+ proxy in
Shenzhen from (A) 2017 to 2019 and (B) 2023 to 2024.
Note: The red-shaded area represents the ILI+ proxy, the blue-shaded area represents ILI%, and the green curve indicates
the laboratory-confirmed positivity rate.
Abbreviation: ILI=influenza-like illness; ILI%=influenza-like illness rate; ILI+=influenza-positive proportion.
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models for influenza transmission dynamics.
Note:  In  both  frameworks,  susceptible  individuals  transition  to  an  exposed  state  following  infection,  where  they  remain
infected but not yet infectious or symptomatic. A proportion of infected cases develop asymptomatic infections with reduced
transmissibility  before  recovering,  while  the  remainder  progress  to  symptomatic  illness.  Symptomatic  individuals
subsequently either require hospitalization or recover directly. Hospitalized patients ultimately progress to either recovery or
death.  Recovered  populations  gradually  return  to  a  susceptible  state,  maintaining  vulnerability  to  future  reinfection.  The
SEYARHDV model  specifically  incorporates  a  vaccinated  compartment  subdivided  into  6  distinct  sub-compartments,  with
protection levels calibrated to estimates reflecting variable vaccine efficacy over time.
Abbreviation: SEYARHD=Susceptible – Exposed – Symptomatic – Asymptomatic – Recovered – Hospitalized – Deceased;
SEYARHDV=Susceptible – Exposed – Symptomatic – Asymptomatic – Recovered – Hospitalized – Deceased – Vaccinated.
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Ensemble Adjustment Kalman Filter Algorithm
This study employed the highly efficient data assimilation method known as the Ensemble Adjustment Kalman

Filter  (EAKF)  algorithm  to  estimate  weekly  transmission  rates  for  historical  influenza  outbreaks  (3–4).  The
observation and state vectors at time t are denoted as yto and Xt, respectively. The state vector is defined as Xt = (St,1,
Et,1, Yt,1, At,1, Rt,1, Ht,1, Dt,1, …, St,4, Et,4, Yt,4, At,4, Rt,4, Ht,4, Dt,4, yt, βt), where yt represents the observed state
variable corresponding to symptomatic incidence. In this study’s transmission model, weekly symptomatic incidence
is calculated as:

It =
N

∑
a=

t

∑
k=t−

σpEYAEt,a (2)

The EAKF algorithm utilizes an ensemble of particles to represent the posterior distribution of the system state
and  updates  the  posterior  probability  distribution  of  state  X  using  observations  yo  based  on  Bayesian  inference
principles. Each particle comprises both a state hypothesis and an associated weight, where the weight indicates the
particle’s relative contribution to the posterior distribution. During the weight update process, each particle’s weight
is  calculated  using  a  Gaussian  likelihood  function: ωt

i ∝  P(yt  |  yto,  Ω),  where  yt  |  yto  represents  the  distance
between fitted and observed incidence values, and Ω denotes the variance derived from the standard deviation of the
observed incidence vector. These particles undergo resampling according to their weights ωt

i, which are fitted using
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SUPPLEMENTARY  FIGURE S3. Model  fitting  and  simulation  of  influenza  activity  under  different  vaccination  strategies,
Shenzhen, 2017–2019. (A) Observed ILI+ proxy from surveillance data (red) and corresponding model fitting results (blue
line  with  shaded  95% CI).  (B)  Comparison  of  observed  ILI+  (red)  with  model-simulated  outcomes  under  two  strategies:
baseline (orange) and optimized (green), shown as lines with shaded 95% CIs.
Note: All scenarios assume identical annual vaccine coverage as implemented in 2023–2024. For school-aged children, only
the monthly distribution varies; other age groups maintain actual 2023–2024 vaccination rates.
Abbreviation: CI=confidence interval; ILI+=influenza-positive proportion.

China CDC Weekly

Chinese Center for Disease Control and Prevention CCDC Weekly / Vol. 7 / No. 44 S3



historical influenza activity data. High-weight particles are retained to ensure that the particle ensemble provides a
better approximation of the true posterior distribution. 

Retrospective Forecast of Multiple Influenza Seasons
This  study  reconstructed  historical  influenza  infection  patterns  in  Shenzhen  for  2023–2024  using  the

SEYARHDV model  with  actual  vaccination  data  incorporated,  and  for  2017–2019 using  the  SEYARHD model.
During  the  data  assimilation  process,  we  employed  Latin  Hypercube  Sampling  (LHS)  to  draw  initial  susceptible
proportions  from  a  range  of  [0.65,  0.75],  conducting  50  random  simulations  for  each  scenario.  The  weekly
incidence  rate  at  time  t+1  was  calculated  as  the  average  of  these  50  simulation  results.  In  this  study,  the  particle
count was set to 10,000. Disease simulations commenced in August (Week 32) for the 2023–2024 period and in
November (Week 45) for the 2017–2019 period, approximately one month before the typical onset of each annual
influenza season. 

Optimization Method
This  study  integrated  a  rapid,  scalable,  and  adaptable  optimization  algorithm  with  the  detailed  age-specific

influenza transmission model. The time-based intervention policy comprises a sequential series of actions A1, A2, …,
AT implemented over the time span T. The objective involves rapidly searching extensive sets of time-based actions
Ai (i.e.,  vaccination rates implemented at each time step) to identify the most effective policy for achieving public
health objectives. In this study, the transmission model returns the cumulative hospitalization incidence throughout
the  simulation  period.  To  mitigate  dispersed  vaccination  timing  and  uneven  distribution  while  ensuring  policy
stability, we introduced a smoothness constraint on the temporal distribution of vaccination coverage, defined as the

 

SUPPLEMENTARY  TABLE S1. Epidemiological  parameters  for  the  influenza  transmission  model  implemented  in
Shenzhen.

Parameters Parameter description Value

N Total population of Shenzhen 17,681,600 (8)

ψ Age-specific population proportions [0.0566, 0.1314, 0.7584, 0.0535] for [0–5 year, 6–18 year, 19–59 year, ≥60 year] (9)

Φ = (φij) Contact matrix

[[1.409660734, 1.768548709, 3.751113208, 0.350060933], [0.346000233,
10.64471027, 6.08382839, 0.286702683], [0.570072983, 4.073960628, 10.62071562,
0.482763604], [0.396853292, 1.754034964, 3.745765744, 1.173235326]] for [0–5

year, 6–17 year, 18–59 year, ≥60 year] (10)
β Transmission rate Calibrated

σ Proportion of infections that are
symptomatic 0.55 (11)

ω
Relative infectiousness of

asymptomatic infections compared
to symptomatic infections

0.36 (11)

pRS Transition rate from recovered to
susceptible state 1/(4×365) (11)

pEYA Transition rate from exposed to
symptomatic/asymptomatic state 1/1.5 (12)

pAR Recovery rate of asymptomatic
infections 1/3 (13)

pYR Recovery rate of symptomatic
infections 1/5 ×(1-0.0146) (14)

pHR Recovery rate of hospitalized
patients 0.9981 (11)

pYH Hospitalization rate [0.007, 0.0027, 0.0083, 0.0909] for [0–5 year, 6–17 year, 18–59 year, ≥60 year] (11)

pHD Case fatality rate among
hospitalizations

[0.000050, 0.000072, 0.000595, 0.001570] for [0–5 year, 6–17 year, 18–59 year, ≥60
year] (11)

uA Annual vaccination coverage rate
[12%, 55%, 12%, 12%] for [0–5 year, 6–18 year, 19–59 year, ≥60 year] (15), with
vaccination rates assumed equivalent across all age groups except 6–18 year

ν Vaccine efficacy [1/2, 9/10, 7/10, 1/2, 3/10, 1/10] for [V1, V2, V3, V4, V5, V6] (2)

f Transition rate between vaccinated
sub-compartments 1/30 (2)

wtp Willingness of residents to receive
influenza vaccines in Shanghai [0.784, 0.578, 0.730] for [0–18 year, 19–59 year, ≥60 year] (16)
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sum of squared differences in vaccination rates between consecutive time steps. The optimization function is defined
as follows:

minE [sim (A,A, . . . ,AT)] + λ∗ T

∑
i=,j=i−

(Ai − Aj) (3)

where  the  first  term  represents  the  expectation  of  the  stochastic  simulation  results  returned  by  the  transmission
model,  and  the  second  term  constitutes  the  smoothness  regularization  term,  with  λ=10-3  representing  the
regularization coefficient.

To  solve  this  optimization  problem,  we  employed  a  tree  structure  to  represent  all  possible  strategies.  Each  tree
layer corresponds to a specific time step and contains multiple nodes. Each node connects to multiple edges leading
to nodes in the subsequent layer,  with each edge representing a  possible  action at  that  time step.  An intervention
strategy is thus mapped to a unique path within the tree structure. To strategically search the tree, we implemented
the Upper Confidence Bound Applied to Trees (UCT) algorithm, which selects paths using a multi-armed bandit
algorithm within each tree node (5–6). Specifically, suppose we descend the tree to reach a node n connected to k
edges representing possible subsequent actions e1, e2, …, ek. Let N(ei) denote the number of times edge ei has been
selected, and R(ei) denote the average reward from past simulations that selected edge ei. The rule for selecting the
next edge follows:

argmax
i

⎧⎪⎪⎪⎨⎪⎪⎪⎩R(ei) + c

√
ln (∑i N(ei))

N(ei)
⎫⎪⎪⎪⎬⎪⎪⎪⎭ (4)

where c represents a constant used to balance exploitation and exploration requirements. Through this strategic path
sampling  approach,  well-performing  subtrees  receive  more  thorough  exploration  than  those  demonstrating  poor
performance. 

Vaccine Administration Settings
The  Shenzhen  CDC  provided  vaccination  data  for  school-aged  children  and  other  populations  in  Shenzhen,

covering  August  2023  to  May  2024.  Most  vaccinations  were  administered  between  October  and  December,
achieving an overall population vaccination coverage of 11.91% and a coverage rate of 59.68% among school-aged
children. Notably, free, centralized vaccination services are available exclusively to school-aged children in Shenzhen,
while  individuals  in  other  age  groups  must  voluntarily  visit  clinics  for  immunization (7).  To estimate  vaccination
rates for other age groups, we incorporated survey data on adult vaccination willingness following the COVID-19
pandemic in 2020, along with their willingness to vaccinate elderly family members and infants. Based on monthly
vaccination rates  recorded by the Shenzhen CDC from 2023 to 2024 and vaccination willingness  across  different
age groups, we decomposed the vaccination rates of other populations into age-specific rates to align with the age-
group categorization used in the transmission model. 

Simulated Epidemiological Impact of Vaccination Strategies on
Historical Influenza Outbreaks

This  study  reconstructed  influenza  transmission  patterns  from  2017  to  2019  and  conducted  a  retrospective
analysis  to  simulate  the hypothetical  outcomes if  vaccination strategies  had been implemented during this  period.
The fitting results demonstrate that influenza seasons during these periods spanned approximately from December
2017  to  April  2018  and  from November  2018  to  August  2019  (Supplementary  Figure  S3A).  The  second  season
lasted  nearly  twice  as  long  as  the  first,  although  the  peak  ILI+  proxy  of  the  first  season  was  slightly  higher,  with
values of 0.0357 in 2017–2018 compared to 0.0293 in 2018–2019. Under the baseline vaccination strategy, where
vaccines  were  distributed  evenly  across  all  months,  422,293  (95% CI:  365,424–479,162)  symptomatic  infections
and 17,583 (95% CI:  15,263–19,903) hospitalizations would be averted in 2017–2018, while  841,029 (95% CI:
748,396–933,663) symptomatic infections and 35,543 (95% CI: 31,691–39,395) hospitalizations would be averted
in 2018–2019. With the same vaccine supply, the optimized strategy would vaccinate 15% and 45% of school-aged
children  in  October  and  November,  respectively.  This  strategy  could  potentially  avert  594,234  (95%  CI:
517,988–670,480)  symptomatic  infections  and 24,743 (95% CI:  21,621–27,865)  hospitalizations  in  2017–2018,
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and  1,111,011  (95%  CI:  988,746–1,233,275)  symptomatic  infections  and  46,918  (95%  CI:  41,818–52,019)
hospitalizations  in  2018–2019.  Supplementary  Figure  S3B  further  illustrates  the  differences  in  ILI+  proxy  trends
among  various  vaccination  strategies.  These  results  highlight  the  potential  benefits  of  an  optimized  vaccination
strategy  in  reducing  health  burdens.  The  findings  underscore  the  importance  of  timing  and  targeted  vaccination,
particularly for school-aged children, in mitigating the impact of influenza outbreaks. 

Optimized Vaccination Strategies Based on Multi-Year Weighted Evaluation
From  a  public  health  perspective,  an  ideal  vaccination  strategy  must  demonstrate  consistent  robustness  across

diverse  epidemiological  scenarios  rather  than  merely  excelling  in  a  single  year.  Given  that  disease  transmission
dynamics exhibit annual variation, each year constitutes an independent search scenario, necessitating exploration of
a  universal  optimization strategy  that  ensures  reliable  performance  across  historical  periods.  While  such a  strategy
may not achieve optimal results in every individual year, it  should deliver consistently strong overall  performance,
thereby  establishing  a  foundation  for  sustainable,  stable,  and  efficient  public  health  policies.  In  this  study,  we
conducted five independent optimization searches annually, compiling the results into comprehensive strategy sets.
To  identify  a  universal  optimal  strategy,  each  candidate  strategy  was  applied  across  all  historical  years,  with
performance  evaluated  using  the  objective  function.  Consequently,  the  evaluation  results  for  each  year  required
weighting and processing to derive the final optimal strategy Vac*:

Vac
∗ = arg min

VacϵV

Y

∑
y=

wyH
Vac
y (5)

where  Y  represents  the  total  number  of  historical  time  periods  under  consideration;  V  is  the  feasible  set  of  all
possible vaccination strategies. Each strategy Vac∈V is a sequence of actions Vac = (A1, A2, …, AT) implemented at
each time step t = 1,…,T; Vac* denotes the optimal vaccination strategy found by the optimization; Hy

Vac represents
the  proportion  of  hospitalizations  in  year  y  under  implementation  of  strategy  Vac.  The  weight wy  for  year  y  is
introduced to adjust for epidemic severity within the objective function and can be defined as follows:

wy =


ILI + NoVac
y

(6)

where ILI+y
NoVac represents the ILI+ proxy for year y under a no-vaccination scenario. 
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