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Review

A Review of Epidemiological Modeling Studies on Monkeypox

Jiahui Li1,&;  Qixuan Luo2,&;  Emiliano Beltran3,4;  Qiuping Chen1,2,5;  Sandra Perez6,7;  Roger Frutos1,2,5,8,9;  Yanhua Su1,2; 
Ziyan Liu10;  Jia Rui11,12;  Tianmu Chen1,2;  Kaiwei Luo10,#;  Zeyu Zhao1,2,4,13,#

 

ABSTRACT

Between  2022  and  2025,  nearly  130,000
confirmed  monkeypox  (mpox)  cases,  including  over
280  deaths,  were  reported  to  the  World  Health
Organization  (WHO)  from  130  countries  and
territories, prompting the WHO to declare it a public
health  emergency  of  international  concern  on  two
occasions.  Hence,  to  enable  a  scientific  approach  to
prevention  and  control,  transmission  dynamics
through  mathematical  modeling  must  be  elucidated.
Through  a  comprehensive  literature  review  on  the
modeling  of  mpox  transmission  dynamics,  this  study
indicates  that  existing  research  primarily  extends  the
susceptible-infectious-recovered  (SIR)  modeling
framework  and  largely  focuses  on  the  2022  global
outbreak. The analysis revealed significant variations in
mpox  virulence,  particularly  dependent  on  the
subtypes,  and  variations  according  to  the  descending
order  of  clades:  Ib>Ia>IIa>IIb.  Interpersonal
transmission  capacity  was  notably  higher  for  clade  II
than  for  clade  I,  highlighting  geographical  disparities,
with the highest transmission capacity in the Americas,
moderate  in  Europe  and  Oceania,  and  the  lowest  in
Asia.  In  contrast,  Africa  maintained  consistently  low
but  non-declining  transmission  levels.  Furthermore,
the  study  confirmed  significant  co-infection  patterns
between  mpox  and  sexually  transmitted  diseases,  such
as  Human  Immunodeficiency  Virus  (HIV)  and
syphilis, along with evidence of synergistic transmission
interactions  among  multiple  pathogens.  This  study
provides  crucial  modeling  evidence  for  mpox
regulation.  By  quantifying  high-risk  populations,
evaluating  intervention  effectiveness,  and  identifying
the risks associated with subtypes and geographic areas,
this  study  offers  a  comprehensive  reference  for
understanding the interface between model complexity
and  practical  application.  These  advancements  have
enhanced  the  strategic  focus  and  precision  of  public
health responses during outbreaks. 

 

Monkeypox  (mpox)  is  a  zoonotic  infectious  disease
caused by the monkeypox virus (MPXV), with clinical
manifestations  similar  to  those  of  smallpox  but  with
lower  incidence  and mortality  (1).  MPXV is  classified
into  clades  I  (formerly  the  Central  African  or  Congo
Basin  clade,  subdivided  into  Ia  and  Ib)  and  II
(formerly  the  West  African  clade,  subdivided  into  IIa
and  IIb).  Transmission  occurs  via  direct  contact  with
infectious  lesions,  body  fluids,  respiratory  droplets,  or
contaminated fomites  (2).  From 1970 to  2017,  mpox
was  endemic  primarily  in  Central  and  West  Africa,
predominantly  via  animal-to-human  transmission.
Sporadic  cases  in  non-endemic  regions  were  largely
related  to  travel  or  animal  importation  (3−4).
However, human-to-human transmission has increased
following  the  2017  Nigerian  outbreak  (5).  In  May
2022,  a  large  global  outbreak  occurred,  spreading
primarily  through  sexual  contact  networks  (6),  with
cases  reported  among  men  who  have  sex  with  men
(MSM).

The epidemiological modeling framework for mpox
has  evolved  over  the  decades,  with  research  on
transmission  dynamics  among  humans  and  between
humans  and  animals,  forming  a  relatively  complete
theoretical system. This study was conducted following
the  Preferred  Reporting  Items  for  Systematic  Reviews
and  Meta-Analyses  extension  for  Scoping  Reviews
guidelines (7). The literature search covered the China
National  Knowledge  Infrastructure  (CNKI),  Web  of
Science,  and PubMed for  the period spanning 3 years
following  the  global  spread  of  mpox  in  2022
(2022–2025).  The  focus  was  on  the  literature
employing  mathematical  modeling  methods  to  study
the  transmission  dynamics  models  of  orthopoxvirus
(mpox)  among  humans  or  between  humans  and
animals.  The  searches  were  conducted  on  December
25,  2025,  using  keywords  including  "mpox,"
"Ia/Ib/IIa/IIb," "dynamic" and "model." "Monkeypox"
was  also  included  as  a  keyword  for  the  2022
publications  to  account  for  the  WHO  nomenclature
change in November 2022. This study did not include
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gray  literature,  and  all  analyses  were  based  on
published  peer-reviewed  academic  literature.  No
geographic or language restrictions were applied.

The  systematic  search  yielded  11,824  relevant
records.  After  deduplication,  5,479  duplicate  records
were  removed.  The  remaining  records  were
independently  screened  by  two  reviewers  in  a  two-
round  process  and  discrepancies  were  resolved  by
consensus. The first round, based on title and abstract
review  assessing  the  application  of  mathematical
compartmental models, identified 122 articles for full-
text  assessment.  During  the  second  round  of  full-text
screening, 39 articles that did not analyze the epidemic
transmission  potential  and  4  dissertations  were
excluded.  Ultimately,  79  studies  were  included  in  the
systematic  review  of  compartmental  structures,
parameter  settings,  and  dynamic  characteristics  of  the
models (Figure 1).
 

COMPARTMENTAL MODEL
STRUCTURE

Since  Kermack  and  McKendrick  introduced  the
classic  susceptible-infectious-recovered  (SIR)
compartmental  model  in  1927  (8)  and  elucidated  the
threshold  theory  of  infectious  disease  dynamics  in
1932  (9),  mathematical  compartmental  models  have
become  essential  tools  for  evaluating  epidemic
prevention  and  control  strategies.  The  study  of  mpox
transmission  dynamics  still  employed  the  basic  SIR
model  to  depict  the fundamental  transmission process
of the disease (10−13). Based on the natural history of
mpox virus infection, most studies have introduced an
exposed  compartment  E  (exposed)  to  construct  the
susceptible-exposed-infectious-recovered (SEIR) model
(14−18),  whereas  a  few  have  incorporated  an
asymptomatic  infectious  compartment  A  into  the
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FIGURE 1. Flowchart of literature screening and selection results.
Abbreviation: CNKI=China National Knowledge Infrastructure.
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model framework (19−20) as a possible state following
the  exposure  period,  thereby  providing  a  more
comprehensive  representation  of  the  clinical  spectrum
and  transmission  characteristics  of  mpox.  Given  the
zoonotic  nature  of  mpox,  numerous  models  have  also
incorporated  animal  populations  (e.g.,  rodent  or
murine  species),  typically  with  simplified
compartmental  structures,  such  as  susceptible-
infectious  (SI)  (21−29),  susceptible-exposed-infectious
(SEI)  (30−38),  SIR  (39−40),  and  SEIR  (41−48).  To
distinguish  them  from  human  compartments,  animal
compartments are often labeled with subscripts, such as

,  ,  or  .  Infected animal compartments ( ,  ,  and
)  serve  as  sources  of  infection,  participating  in  both

transmission  within  susceptible  animal  populations
( ,  ,  and  )  and  cross-species  transmission  to
susceptible humans ( ). A few models consider reverse
transmission  from infected  humans  ( )  to  susceptible
animals (25,34,44,46,49). Through a systematic review
of  the  relevant  models,  this  study  summarizes  a
schematic  diagram  of  the  mpox  transmission  patterns
(Figure  2),  revealing  that  the  evolution  of  model
frameworks  has  always  been  closely  aligned  with  their
transmission characteristics.

To  better  capture  the  complexities  of  transmission,
several  studies  have  extended  model  frameworks  by
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incorporating  population  heterogeneity  and  dynamic
control  measures.  Spatial  and  demographic
heterogeneity  are  addressed  by  expanding
compartments  with  subscript  ,  representing  either
different  countries  to  model  the  effect  of  cross-border
mobility  on  epidemic  spread  (50−51)  or  different  age
groups to analyze variations in disease prevalence across
age structure (13,52−53). Furthermore, given the high
incidence of mpox among MSM, some models further
stratify  them  based  on  sex  or  sexual  behavior  risk,
dividing  it  into  male  (subscript  )  and  female
(subscript  ) groups (54) or into high-risk (subscript  )
and  low-risk  (subscript  )  groups  (50,55−60),  to
construct  coupled  multi-group  models.  Vaccination,
the  most  frequently  considered  intervention,  is
typically modeled before exposure. This is achieved by
establishing  dedicated  compartments  for  vaccinated
( ) or protected ( ) (60−64) or by further subdividing
the  susceptible  population  into  vaccinated  ( )  and
unvaccinated  ( )  subgroups  (65),  representing  the
transition  from  susceptible  to  an  immune  state.
Regarding  the  sequence  of  vaccination  and  isolation,
some  studies  have  also  incorporated  a  post-exposure
vaccination  compartment  ( )  (50).  Models  vary  in
their  assumptions  regarding  vaccine-induced
immunity,  ranging  from  complete  protection
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FIGURE 2. Schematic  diagram  of  the  conceptual  framework  and  key  components  for  mpox  transmission  dynamics
modeling.
Abbreviation: mpox=monkeypox.
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(57,63–64,66)  to  accounting  for  breakthrough
infections  (19,50,52,58–60,67–68)  and  waning
immunity  (18,21).  Furthermore,  isolation  ( )
(19,38,50,56,60–62,69–71)  or  hospitalization  ( )
(60,68)  compartments  are  included  to  manage
symptomatic  cases;  a  deceased  compartment  ( )
(41,62–64,67,72) captures mortality outcomes; and an
environmental  contamination  compartment  ( )
(73−74)  simulates  pathogen persistence,  dissemination
in the environment, and its role as a potential source of
infection.

Im
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Owing  to  the  temporal  overlap  of  the  mpox
outbreak with the coronavirus disease 2019 (COVID-
19) pandemic in 2022, some current modeling studies
include analyses of the transmission dynamics of mpox
co-infection  with  COVID-19  (75).  Moreover,  given
that  the  epidemiological  characteristics  of  mpox  is
primarily  transmitted  through  sexual  contact,  co-
infection  with  sexually  transmitted  pathogens  such  as
HIV (54,76−79) and Treponema pallidum (80) has also
become  a  significant  focus  of  modeling  research.
Among  these,  models  of  mpox  and  HIV  co-infection
are  relatively  more  common.  These  models  typically
construct  three  parallel  transmission  chains:
monkeypox  virus-only  infection,  HIV-only  infection,
and  co-infection  with  both  pathogens,  with  the
susceptible  population  generally  treated  as  a  unified
group.  Common  compartments  include  individuals
infected only with mpox ( ), individuals infected only
with HIV ( ), individuals infected with HIV receiving
antiretroviral  therapy  (ART)  ( ),  and  individuals  co-
infected  with  both  viruses  (   and  co-infected
individuals receiving ART,  ). As the classification of
infections  expands,  the  compartmental  structure  and
dimensionality  of  the  models  increase  significantly.
Although  this  better  reflects  real-world  complexity,  it
also  significantly  increases  the  difficulty  of  analyzing
model dynamics. 

MODEL PARAMETERIZATION

β

As  core  parameters  of  compartmental  models,  the
values  of  the  transmission  rate  coefficient  ( ),  latency
period,  and  recovery  period  vary  depending  on  the
study  context,  population  structure,  and  transmission
routes.  Global  data  indicate  an  average  human-to-
human transmission rate of approximately 0.09 per day
(64).  The  rate  is  significantly  higher  in  high-risk
populations,  predominantly  among  MSM
(50,55,58,67–68,75),  with  a  per-sexual  contact

β

transmission  rate  of  0.24/day  in  Canada  (56)  and
0.34/day  in  the  United  States  of  America  (USA)  (81)
in  2022.  In  contrast,  the  non-sexual  contact  rate  in
low-risk  populations  is  only  about  one-thousandth  of
the sexual contact rate (82), and the estimated   value
for  the  environmental  transmission  route  is  as  low  as
7.70×10−8  (73).  The  average  incubation  period  is
primarily  considered  as  8.5  (11,51,56,58)  and  13
(50,64)  days.  Africa  Centers  for  Disease  Control  and
Prevention  supports  an  average  of  13  days  (64),
whereas  Western  countries  adopt  a  mean  of  8.5  days
(51,56,58),  possibly  reflecting  regional  differences  in
population immunity. The prodromal period lasts 1–4
days  (11,83–84);  though  asymptomatic,  the  mean
infectiousness  coefficient  is  between  0.25  and  0.51
(82).

For  recovery,  without  isolation,  untreated  infected
individuals  have  a  mean  recovery  period  of  21  days
(20,50,56,60,63–64,74),  with  no  significant
differences  in  recovery  rates  across  populations  (81).
The  weekly  recovery  rate  is  1.4×10−3  for  both
children/adolescents  and  adults  (13)  and  similar  for
symptomatic  and  asymptomatic  cases  (20,56,64).
Vaccination  shortens  recovery  (20,25,61,67,74),  and
pre-exposure  coverage  of  20%–50%  in  high-risk
populations  yields  major  control  benefits  (28,61).
Two-dose recipients  recover approximately 30%  faster
(85),  whereas  vaccine  waning  rates  range  from
3.17×10−3  to 2.04×10−2 per day (19).  Protection lasts
approximately  5  years  for  a  single  dose  and
approximately 10 years for two doses, similar to natural
immunity (67). However, modeling evidence confirms
that  residual  immunity  from  historical  smallpox
vaccination  alone  is  insufficient  to  prevent  or  contain
mpox outbreaks (39). In fact, vaccination and isolation
exhibit  synergistic  effects.  Specifically,  at  ≤20%
vaccination  coverage,  a  40%  isolation  rate  is  required
to  control  transmission,  whereas  at  30%  coverage,  a
20% isolation rate remains effective (61).

For  zoonotic  diseases,  the  human-to-animal  contact
rate  is  a  key  parameter  in  models  of  initial  outbreaks,
areas with a clear animal exposure risk, or transmission
chains  traceable  to  animal  contact  (32-33,44–45,48).
Its  value  varies  according  to  regional  habits,  ecology,
and  host  distribution.  In  endemic  regions  of  Africa,
where  rural  residents  hunt,  consume,  or  keep  wild
animals,  the  estimated  human-to-animal  contact  rates
are  significantly  higher  than  in  non-endemic  areas
(34,44–45,48),  ranging from 2.50×10−4  to  2.70×10−2

(33,40). The per-contact transmission probability from
rodents to humans is 0.13 in the Democratic Republic
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of  the  Congo  (DRC)  and  as  high  as  0.85  in  Nigeria
(45).  In  contrast,  outbreaks  in  Europe  and  North
America  are  primarily  driven  by  human-to-human
transmission  (26).  During  the  2022  outbreaks,  the
transmission  rate  associated  with  human-to-animal
contact  was  5.00×10−4  in  Spain  and  3.30×10−4  in
Italy.  Sensitivity  analysis  identified  the  animal-to-
animal transmission rate and human-to-animal contact
rate as critical parameters influencing  . Interventions
targeting  animal  reservoirs  and  reducing  human-to-
animal  contact  rates  could  potentially  reduce  the
number of infections by over 80% (44).

HIV  and  T.  pallidum,  as  significant  co-infecting
pathogens  in  mpox  transmission,  influence  mpox
transmission  dynamics  primarily  via  susceptibility
(77−78),  infectiousness  (77−78),  and  response  to
interventions  (77),  especially  in  high-risk  populations
such  as  MSM  (77,86).  Regarding  susceptibility
parameters,  HIV-infected  individuals  have  a
susceptibility adjustment factor for mpox of 1.5, which
has  remained  at  1.3,  even  for  those  receiving  ART
(77−78).  Regarding  the  infectiousness  parameters,  the
mpox  infectiousness  adjustment  factor  for  HIV-
infected  individuals  receiving  ART  is  typically  <1
(54,77),  indicating  that  ART  moderately  reduces  the
transmission  potential  of  co-infected  individuals.
Syphilis  infection increases susceptibility to mpox to a

lesser  extent  than  HIV  infection,  with  an  adjustment
factor  typically  set  at  1.2.  Regarding  transmission
dynamics,  the basic  transmission rate is  approximately
6.50×10−2  for  syphilis  and  approximately  2.01×10−1

for  mpox.  Co-infection  with  both  pathogens  exerts  a
synergistic  effect,  significantly  enhancing  the
transmission  potential  compared  with  mono-infection
(87).  The  selected  parameter  values  reported  in  the
literature are summarized in Table 1. 

TRANSMISSION POTENTIAL

Transmissibility  and  virulence  of  mpox  viruses  vary
by  clade.  Clade  I,  which  is  endemic  to  the  Congo
Basin,  is  characterized  by  high  fatality  rates  (up  to
10%)  and zoonotic  transmission with limited human-
to-human  spread  (88).  Subtypes  Ia  and  Ib  harbor  a
high  proportion  of  apolipoprotein  B  mRNA-editing
enzyme  catalytic  polypeptide-like  3  (APOBEC3)-
driven  cells  (68%  and  72%,  respectively),  suggesting
increased adaptability  and transmission potential  (89).
Notably,  since  September  2023,  the  newly  identified
Ib  subtype  among  sex  workers  in  the  DRC  exhibited
high  fatality  rates  (approximately  5.3%  overall  and
8%–10%  in  children)  (90−93),  providing  preliminary
evidence  of  increased  virulence  and  transmission
efficiency.  In  contrast,  clade  II  is  predominantly

 

TABLE 1. Selected parameters for mpox compartmental models from the literature.
Parameter Units Values Reference

Human epidemiological parameters for mpox

Human-to-human transmission rate Days−1
0.09 (international average value) (64)

0.24 (sexual, Canada) (56)

0.34 (sexual, USA) (81)

Transmission rate coefficient N/A
7.70×10−8 (environmental transmission) (73)

0.25–0.51 (82)

Incubation period Days
8.5 (11,51,56,58)

13 (average) (50,64)

Prodromal period Days 1–4 (11,83–84)

Recovery period Days 21 (20,50,56−60,63−64,74)

Recovery rate Weeks−1 1.4×10−3 (13)

Vaccine waning rate Days−1 3.17×10−3–2.04×10−2 (19)

Animal transmission mpox infection parameters

Human-to-animal contact rate N/A 2.50×10−4 –2.70×10−2 (33,40)

Per-contact transmission probability N/A
0.13 (DRC) (45)

0.85 (Nigeria) (45)

Human-animal contact rate N/A
5.00×10−4 (Spain) (26)

3.30×10−4 (Italy) (26)
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prevalent  in  West  Africa,  demonstrating  higher
human-to-human  transmissibility  and  lower  fatality
rates  of  approximately  1%  (88).  Clade  IIa,  which
shares  approximately  95%  nucleotide  sequence
homology with clade I, follows a zoonotic transmission
pattern  (88).  Clade  IIb,  the  primary  subtype
responsible  for  a  global  outbreak  in  2022,  combines
high  human  transmissibility  with  relatively  low
virulence (88,93).

R

R

R

Reff

On  May  7,  2022,  the  United  Kingdom  (UK)
reported  its  first  imported  case,  after  which  the
outbreak  rapidly  spread  to  multiple  countries  in
Europe  and  the  Americas.  During  the  early  phase,
transmission  was  most  rapid  in  Europe,  Oceania,
North  America,  and  Latin  America,  with  the  median
basic  reproduction  number  ( )  reaching  7.02  (range
7.01–7.84).  Asia  and  Africa  recorded  lower  values  of
3.68  and  1.61,  respectively.  After  June  23,  2022,  the
transmission  rates  declined  significantly  in  most
regions  except  Africa.  The  median    value  in  the
medium-  to  high-risk  countries  dropped  to  1.35.
Geographically,   remained at relatively high levels in
Latin  America  and  North  America  (4.13  and  3.51,
respectively),  followed  by  Oceania  and  Europe  (1.67
and  1.35,  respectively),  whereas  Asia  recorded  the
lowest (0.70) (51). By December 2022, the cumulative
number  of  cases  in  non-endemic  countries  exceeded
80,000.  Transmission  during  this  outbreak  was
primarily  concentrated  in  the  MSM  population.  A
model  based  on  this  group  was  fitted  with  a  global
effective reproduction number ( ) of 3.11 (57).

R

R

R

Reff

R

R

R

Transmission  in  North  America  occurred
significantly earlier in the outbreak. In Canada,   was
relatively  high,  at  =1.68  before  May  6,  2022  (57),
with an estimated annual value of 2.37 (15,70).   for
the  high-risk,  low-risk,  and  total  populations  were
1.464,  0.007,  and  1.461,  respectively.  Intervention
simulations targeting the high-risk group demonstrated
that  condom  use  and  abstinence  would  require
adherence rates of 25% and 10%, respectively, to block
transmission  (56,70),  reducing    to  0.69  after
behavioral  changes  (58).  In  the  USA,  the  concurrent

  was  3.28  (15,81),  which  was  significantly  higher
than that of Canada, with   of 3.88 and 0.39 for the
high-risk and low-risk groups, respectively. A two-dose
vaccination campaign targeting  a  high-risk  population
(71.8%  of  cases)  could  prevent  approximately  21.2%
of  infections,  whereas  behavioral  changes  alone  could
prevent  15.4%  of  cases.  This  combination  exhibited
synergistic effects (20). Transmission intensity in Latin
America  was  high.  Colombia  had  the  highest    at

R

3.60,  with  approximately  25%  of  the  actual  cases
reported  on  average  (70).    for  Brazil,  Peru,  and
Mexico are  2.61,  2.49,  and 2.51,  respectively  (15).  In
Peru, reported cases were 96.3% male, with a mean age
of 32.6 years. MSM accounted for 75.0% of the cases,
and the HIV coinfection rate reached 55.6% (94).

R

R

R

R

R

Reff

Transmission  in  Europe  fluctuated.  During  the
initial  2022  outbreak,  Spain's    was  2.05  (57),
increasing  to  3.05  for  the  annual  estimate  (15).
Germany’s   before May 6, 2022, was 3.21 (15), with
the annual estimate rising to 3.57 (57). The annual 
estimates  for  France  and the  UK were  2.77 and 2.43,
respectively  (15),  whereas  Portugal's  estimates  were
lower  at  1.05  (57).  In  Africa,  Uganda  exhibited  the
highest    at  2.51,  followed by  Rwanda  and  Burundi
with  1.35  and  1.88  (65).  In  China,  an  analysis  of
1,433 WHO-reported cases from April 3 to September
16, 2023, yielded an initial   of 1.43 (69). Following
the isolation interventions,   decreased to 0.34 (69),
indicating  a  transmission  intensity  lower  than  the
global average. 

DISCUSSION

Historically,  mpox  outbreaks  have  been  largely
confined  to  Africa.  However,  since  the  rapid  global
spread  of  subclade  IIb  began  in  May  2022,  the
construction  of  scientifically  sound  dynamic
transmission  models  has  become  essential  for
understanding  epidemic  patterns  and  guiding
prevention  and  control  strategies.  This  study
systematically  reviews  79  publications,  tracing  the
evolution of  models  from basic  SIR/SEIR frameworks
to  multi-layered,  heterogeneous  structures
incorporating  sexual  contact  networks,  cross-species
transmission, and multi-pathogen co-infections. It also
analyzes  key  parameters,  as  well  as  regional  and
population  differences  in  transmission  potential.  The
findings  reveal  a  clear  trade-off  between virulence  and
transmissibility  among  viral  subclades;  while  subclade
IIb  exhibited  attenuated  virulence,  its  human-to-
human  transmissibility  was  markedly  enhanced.
Geographically, apart from traditional endemic areas in
Africa,  the  transmission  intensity  follows  a  gradient
pattern  of  "Americas  >  Europe  and  Oceania  >  Asia."
This  distribution  is  closely  associated  with  regional
variations in sexual network density among MSM, the
speed  of  vaccination  coverage,  and  the  intensity  of
public  health  responses.  This  work  provides  a
methodological  foundation  for  rapidly  modeling  and
early  warning  of  future  mpox  outbreaks  and  offers  a
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theoretical reference for the early response to potential
"disease  X"  scenarios  with  similar  transmission
mechanisms.

During  the  literature  search,  different  modeling
approaches  addressed  the  "what"  or  "why"  questions.
However,  when  the  research  question  advanced  to
"how  to  control  the  outbreak"  and  "which
interventions  are  most  effective,"  the  unique
advantages  of  transmission  dynamic  models  became
evident.  For  instance,  a  modeling  study  of  the  2022
New  York  City  outbreak  subdivided  the  population
into  five  age  groups  and  seven  risk  categories  and
concluded  that  targeted  immunization  of  high-risk
individuals  aged  35–44  significantly  enhances  control
effectiveness  (52).  This  exemplifies  the key distinction
between  dynamic  transmission  models  and  other
modeling  approaches.  Their  core  value  lies  in  their
ability to quantitatively simulate the effects of different
control  measures,  integrate  the  synergistic  effects  of
multiple  interventions  such  as  vaccination,  isolation,
and  behavioral  change,  and  support  the  dynamic
adjustment  of  strategy  parameters  as  the  epidemic
evolves.

Although  dynamic  models  hold  irreplaceable  value
in  strategy  evaluation,  existing  studies  have  significant
limitations.  Some  have  focused  on  population
stratification within a  single  region,  which limits  their
ability to capture the complexities of the global spread
of mpox,  escalating geopolitical  conflicts,  and reduced
international  aid  (95).  The 2025 early-phase  outbreak
of  the  Ib  subclade  in  China  following  imported  cases
(96)  further  underscores  the  urgent  need  to  shift
research from localized static  analysis  to  cross-regional
dynamic  modeling.  A  Singapore  modeling  study
demonstrated  that  dynamically  adjusting  border
strategies  based  on  prevalence  rates  in  countries  of
origin  could  effectively  reduce  importation  risk  by
approximately  21.8%  (14),  confirming  the  necessity
and  feasibility  of  cross-regional  modeling.  However,
parameter  estimation  often  relies  on  assumptions  or
literature  values  without  clear  justification,  and
insufficient  surveillance,  together  with  a  lack  of  data
standardization,  may  lead  to  systematic  deviations
between model predictions and reality (6).

In  future  research,  the  design  of  dynamic  models
must  strike  a  balance  between  complexity  and
operability,  thereby  enhancing  the  accuracy  and
interpretability  of  parameters  in  real-world  contexts
through  multi-model  integration.  It  is  essential  to
integrate  multi-regional  population  mobility,
intervention  measures,  and  surveillance  data  to

construct  a  dynamic  framework  that  supports
differentiated cross-border prevention and control and
optimizes  resource  allocation,  thereby  strengthening
model adaptability and decision-support capabilities in
complex,  real-world  outbreak  scenarios.  Meanwhile,
interdisciplinary  research  should  explore  collaborative
modeling frameworks that protect data privacy, such as
federated  learning,  and  promote  their  validation  and
application  in  authentic  clinical  environments.  For
China,  efforts  should  focus  on conducting  timely  and
prospective  analyses  using  new  data  and  emerging
outbreaks, optimizing parameter settings based on local
surveillance  characteristics,  and  developing  targeted
analytical  frameworks  suitable  for  both  outbreak
emergency response and routine surveillance scenarios,
thereby  better  supporting  localized  scientific
prevention and control of the epidemic. 
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ABSTRACT

Introduction:  Since  2022,  the  global  monkeypox
(mpox)  epidemic  has  undergone  clade  replacement
from  clade  IIb  to  clade  Ib,  accompanied  by  a
geographic shift in the epidemic's epicenter. However,
systematic  analyses  spanning the entire  epidemic cycle
from 2022 to 2025 remain limited.  Integrating global
epidemiological  and  genomic  data  is  essential  for
determining spatiotemporal transmission dynamics.

Methods:  Global  mpox  surveillance  data,  mpox
virus  whole-genome sequences,  and demographic  data
were  collected.  Retrospective  spatiotemporal  scan
statistics  were used to identify  significant  transmission
clusters.  Phylogenetic  trees  were  used  to  characterize
evolutionary relationships among clades, and haplotype
network  analysis  was  used  to  infer  transmission
pathways.

Results:  A  total  of  165,244  mpox  cases  were
reported  globally,  showing  a  two-phase  pattern.  From
January 2022 to August 2023, clade IIb predominated,
accounting  for  96.18%  of  cases  in  Europe  and  the
Americas.  From September  2023  to  September  2025,
the epicenter  shifted to Africa,  where clade Ib became
dominant;  during  this  phase,  Africa  accounted  for
71.48%  of  global  cases.  Spatiotemporal  scan  analysis
identified  10  significant  clusters,  with  the  highest
relative  risk  observed  in  the  West  African  cluster  in
2025.  Phylogenetic  analyses  linked  clade  IIb  to  the
European  and  American  phases,  whereas  clade  Ib  was
associated  with  the  African  phase.  The  haplotype
network suggested that  Africa  is  the  core  transmission
region  of  clade  Ib,  with  Europe  serving  as  a
dissemination hub.

Conclusion:  Mpox evolved from IIb-driven global
dissemination  to  Ib-dominated  regional  clustering  in
Africa,  with  clade  replacement  driving  the  geographic
shifts.  The  current  risk  is  concentrated  in  Africa,
underscoring  the  need  for  strengthened  surveillance,

genomic  tracing,  equitable  access  to  resources,  and
targeted interventions. 

 

Since May 2022, the mpox virus (MPXV) clade IIb,
originating  in  Africa,  has  triggered  a  global  outbreak
affecting  more  than  100  countries.  This  outbreak
marked a fundamental shift in mpox from a regionally
endemic  zoonotic  disease  to  a  sustained  global  public
health  threat  characterized  by  human-to-human
transmission  (1).  The  World  Health  Organization
(WHO)  declared  it  a  Public  Health  Emergency  of
International  Concern  (PHEIC)  in  July  2022  and
terminated  this  status  in  May  2023.  However,  from
late  2023  to  2024,  the  renewed  transmission  and
international spillover of clade Ib, originating in Africa,
prompted the WHO to redeclare a PHEIC in August
2024.  Although  this  status  was  lifted  in  September
2025,  the  ongoing  global  transmission  risk  continues
to be emphasized (2).

Although extensive studies have examined the global
outbreak  of  MPXV  driven  by  clade  IIb  (3),  and  the
subsequent African resurgence associated with clade Ib
(4–5),  a  systematic  analysis  of  the  complete  epidemic
trajectory from 2022 to 2025 remains lacking. Previous
studies  have  largely  focused  on  individual  clades,
specific regions, or limited time periods (6–7) and have
failed  to  capture  the  macro-level  intercontinental  shift
in  epidemic  centers  driven  by  alternating  clade
dominance,  as  well  as  the  micro-level  mechanisms  of
viral adaptive evolution.

This  study  aimed  to  conduct  an  integrated  analysis
of  the  global  mpox  epidemic  from  January  2022  to
September  2025  by  combining  macroepidemiological
evidence  (spatiotemporal  distribution  of  cases)  with
microvirological  insights  (genomic  evolutionary
characteristics). The findings provide a robust scientific
basis  for  global  surveillance  systems  and  differentiated
prevention and control strategies. 
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METHODS
 

Data Sources
Confirmed  global  mpox  case  data  were  obtained

from  the  WHO website.  Viral  clade  distribution  and
whole-genome  sequence  data  were  retrieved  from  the
Global  Initiative  on  Sharing  All  Influenza  Data
(GISAID)  database.  The  population  data  for  each
country were sourced from the World Bank. 

Analytical Methods
Spatial  distribution  maps  were  generated  using

ArcGIS  10.8.1  (Environmental  Systems  Research
Institute,  Inc.,  Redlands,  California,  USA).  Bar  charts
and heatmaps were  produced using the "ggplot2" and
"pheatmap"  packages  in  R  (version  4.4.2,  R
Foundation  for  Statistical  Computing,  Vienna,
Austria).  A  retrospective  spatiotemporal  scan  analysis
was  conducted  using  SaTScan  v10.2  (Information
Management  Services,  Inc.,  Rockville,  Maryland,
USA) under a Poisson model, with a maximum spatial
window of  30%  of  the  at-risk  population,  a  temporal
window of 6–12 months,  and a minimum cluster  size
of 1,000 cases.  Cluster strength was assessed using the
log-likelihood  ratio,  observed-to-expected  ratio,  and
relative  risk  (RR),  with P<0.05  considered  statistically
significant.

The  eligible  MPXV  whole-genome  sequences  were
filtered  using  GISAID  (GISAID  Initiative,  Munich,
Bavaria, Germany). Multiple sequence alignments were
performed  using  the  Multiple  Alignment  using  Fast
Fourier  Transform  (MAFFT)  software  (Osaka
University,  Suita,  Osaka,  Japan).  Phylogenetic  trees
were  constructed  using  IQ-TREE  2.0  (University  of
Vienna,  Vienna,  Austria)  with  the  maximum-
likelihood method and 1,000 bootstrap replicates, and
visualized  using  iTOL  v7  (biobyte  solutions  GmbH,
Heidelberg,  Baden-Württemberg,  Germany).  Quality-
controlled whole-genome sequences from clade Ib were
used  to  construct  haplotype  networks  with  the
modified  Templeton-Crandall-Singh  (TCS)  algorithm
in  fast  Haplotype  Networker  (fastHaN),  and
visualization was performed with tcsBU (University of
Porto, Porto, Portugal). 

RESULTS
 

Epidemiological Overview of
Global Monkeypox

Between  January  2022  and  September  2025,

165,244  mpox  cases  were  reported  across  135
countries. Regarding clade distribution (Table 1), clade
IIb  was  predominantly  detected  in  Europe  and  the
Americas,  whereas  clades  Ia,  Ib,  and  IIa  were  mainly
concentrated  in  Africa,  with  sporadic  detections  in
other regions.

The  global  mpox  epidemic  exhibited  a  pronounced
two-phase  pattern  (Supplementary  Figure  S1  and
Supplementary  Table  S1,  available  at  https://weekly.
chinacdc.cn/).  During  the  first  phase  (January
2022–August  2023),  clade  IIb  predominated,  with
rapid  expansion  beginning  in  May  2022  and  peaking
in August 2022. In total, 96.18% of cases occurred in
Europe  and  the  Americas.  In  the  second  phase
(September  2023  to  September  2025),  the  epidemic
center  shifted  to  Africa,  where  clade  Ib  became  the
dominant  strain  and  a  new  peak  emerged  in  May
2025. During this phase, Africa accounted for 71.48%
of  global  cases,  while  the  Western  Pacific,  Eastern
Mediterranean, and South-East Asian regions reported
persistently low incidence levels.

Country-level heatmaps (Figure 1) show that Europe
and  the  Americas  experienced  concentrated  mpox
outbreaks between June and August 2022, with Spain
(6.02/100,000  in  July)  and  Luxembourg
(4.43/100,000  in  August)  reporting  the  highest
monthly  mpox  incidence.  From  September  2023
onward,  mpox  incidence  markedly  increased  in  the
Democratic  Republic  of  the  Congo  (DRC),  followed
by  Burundi  and  Uganda,  with  increases  after  August
2024.  In  early  2025,  a  new  cluster  emerged  in  West
Africa,  and  Sierra  Leone  reached  a  peak  incidence  of
26.37/100,000 in May, the highest globally. 

Spatiotemporal Clustering Analysis
A  retrospective  spatiotemporal  scan  analysis

identified  10  significant  transmission  clusters  with
substantial  heterogeneity  in  their  spatial  and  temporal
distributions.  The  five  highest-risk  clusters  (Table  2),
in  chronological  order,  were  as  follows:  a  European
cluster  involving  19  countries  from  May  to  October
2022  (centered  in  the  United  Kingdom);  a  North
American  cluster  from  June  to  November  2022
(centered  in  the  United  States);  a  South  American
cluster involving nine countries from July to December
2022  (centered  in  Bolivia);  a  Central  and  Eastern
African  cluster  from September  2024  to  August  2025
(centered  in  the  Democratic  Republic  of  the  Congo);
and  a  West  African  cluster  comprising  Guinea,  Sierra
Leone,  and  Liberia  from  April  to  September  2025,
which showed the highest RR (RR=86.69, P<0.001). 

China CDC Weekly

598 CCDC Weekly / Vol. 8 / No. 20 Chinese Center for Disease Control and Prevention

Supplementary Figure S1
Supplementary Table S1
https://weekly.chinacdc.cn/
https://weekly.chinacdc.cn/


Phylogenetic and Haplotype Analyses
Phylogenetic  analysis  exhibited  strong  concordance

between  the  staged  evolution  of  the  global  mpox
epidemic  and  the  evolutionary  dynamics  of  distinct
viral  clades  (Figure  2A).  Clade  IIb  showed  extensive
intercontinental  dissemination  and  high  genetic
diversity  in  2022,  followed  by  a  gradual  decline  after
2023,  consistent  with  the  epidemic  phase  dominated
by  Europe  and  the  Americas.  Conversely,  clade  Ib
showed  a  highly  localized  transmission  core  in  Africa,
particularly in the Democratic Republic of  the Congo
and  Uganda,  with  limited  genetic  diversity,  reflecting
the  Africa-centered  second  phase  of  the  epidemic.
Clades  Ia  and  IIa  displayed  more  restricted
transmission  ranges  than  the  other  clades,  indicating
substantial  differences  in  transmission  adaptability
among the MPXV clades.

Haplotype  network  analysis  of  clade  Ib  further
showed  that  the  DRC  was  the  persistent  core  of
regional transmission, while Uganda experienced short-
term,  high-intensity  outbreaks.  Other  countries
primarily  showed  sporadic  importations  or  limited
local transmission chains that were rapidly interrupted,
indicating  that  clade  Ib  remained  largely  Africa-

centered  with  limited  global  dissemination  capacity
(Figure 2B). 

DISCUSSION

This  study  represents  the  first  comprehensive
integration  of  macroepidemiological  and
microvirological  evidence  to  characterize  the  complete
global mpox epidemic trajectory from January 2022 to
September  2025.  The  results  reveal  a  clear  two-phase
spatiotemporal  pattern.  We  determined  the  intrinsic
linkage between viral clade replacement (IIb to Ib) and
intercontinental  shifts  in  epidemic  epicenters  and
addressed key gaps in previous studies that focused on
single clades or localized spatiotemporal scales.

During  the  first  phase,  clade  IIb  drove  a  rapid
expansion  in  Europe  and  the  Americas,  which  was
closely  associated  with  dense  social  networks  among
men  who  have  sex  with  men  and  high  levels  of
international mobility (8–10). In the second phase, the
epidemic  center  shifted  to  Africa,  where  clade  Ib
predominated  and  showed  strong  regional  clustering.
This pattern likely reflects Africa’s role as a traditional
reservoir  of  clade  I  mpox,  which  is  characterized  by

 

TABLE 1. Global distribution of mpox virus clades from January 2022 to September 2025.

MPXV clade Number of
countries Countries WHO region distribution

(n, %)

Ia 15
Benin, Cameroon, Central African Republic, China, Democratic Republic of
the Congo, Denmark, Gabon, Ireland, Liberia, Netherlands, Republic of the

Congo, Sierra Leone, Sudan, Turkey, USA

AFRO: 8 (53.33);
AMRO: 1 (6.67);
EMRO: 1 (6.67);
EURO: 4 (26.67);
WPRO: 1 (6.67)

Ib 34

Angola, Australia, Belgium, Brazil, Burundi, Canada, China, Democratic
Republic of the Congo, Ethiopia, France, Germany, India, Ireland, Italy,
Japan, Kenya, Malawi, Oman, Pakistan, Qatar, Republic of the Congo,
Rwanda, South Africa, South Sudan, Sweden, Switzerland, Tanzania,
Thailand, Uganda, United Arab Emirates, UK, USA, Zambia, Zimbabwe

AFRO: 14 (41.18);
AMRO: 3 (8.82);
EMRO: 4 (11.76);
EURO: 8 (23.53);
SEARO: 2 (5.88);
WPRO: 3 (8.82)

IIa 9 Cote d'Ivoire, Denmark, France, Ghana, Guinea, Liberia, Netherlands,
Sierra Leone, USA

AFRO: 5 (55.56);
AMRO: 1 (11.11);
EURO: 3 (33.33)

IIb 72

Argentina, Australia, Austria, Belgium, Benin, Brazil, Cambodia, Cameroon,
Canada, Central African Republic, Chile, China, Colombia, Costa Rica,
Cote d'Ivoire, Czech Republic, Democratic Republic of the Congo,

Denmark, Dominican Republic, Ecuador, Egypt, Ethiopia, Finland, France,
Georgia, Germany, Ghana, Guinea, Hungary, Iceland, India, Indonesia,

Ireland, Israel, Italy, Japan, Jordan, Lithuania, Luxembourg, Mexico, Nepal,
Netherlands, Nigeria, North Macedonia, Oman, Pakistan, Paraguay, Peru,
Philippines, Poland, Portugal, Republic of the Congo, Romania, Russia,
Rwanda, Republic of Korea, Sierra Leone, Singapore, Slovakia, Slovenia,
South Africa, Spain, Sudan, Sweden, Switzerland, Thailand, Togo, Turkey,

UK, USA, Venezuela, Vietnam

AFRO: 14 (19.44);
AMRO: 13 (18.06);
EMRO: 5 (6.94);
EURO: 28 (38.89);
SEARO: 4 (5.56);
WPRO: 8 (11.11)

Note: MPXV clade information was obtained from sequences available in the GISAID database as of September 30, 2025. n denotes the
number of countries in each WHO region where a given MPXV clade was identified. The percentage (%) was calculated as the number of
countries with that clade in each WHO region divided by the total number of countries with that clade across all WHO regions.
Abbreviation:  MPXV=mpox  virus;  WHO=World  Health  Organization;  SEARO=South-East  Asia  Region;  EMRO=Eastern  Mediterranean
Region;  EURO=European Region;  AMRO=Region of  the Americas;  WPRO=Western Pacific  Region;  AFRO=African Region;  USA=United
States of America; UK=United Kingdom.
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sustained zoonotic transmission cycles (11). Moreover,
clade Ib transmission is primarily associated with close
heterosexual  contact  (12),  involves  geographically
constrained  social  networks,  and  emerges  after
widespread  clade  IIb  circulation,  when  partial
population  immunity  from  prior  infection  or
vaccination  may  have  limited  its  interregional  spread
(13).  The  lack  of  widespread  intercontinental
dissemination  of  clades  Ia  and  IIa  further  underscores
the  marked  differences  in  transmission  adaptability
among  MPXV  clades.  Notably,  the  West  African
cluster  identified  in  2025  exhibited  the  highest  RR.
This  finding  suggests  that  this  region  has  become  a
current  transmission  hotspot,  potentially  driven  by

limited  public  health  resources  and  insufficient
surveillance capacity (14–15).

This  study  had  several  limitations.  First,  although
14,089 MPXV whole-genome sequences were retrieved
from  the  GISAID  during  the  study  period,  these
genomes  represent  only  a  small  proportion  of  the
global  mpox  burden  (165,244  cases  across  135
countries  from  January  2022  to  September  2025)
(Supplementary  Table  S3,  available  at  https://weekly.
chinacdc.cn/). Therefore, the genomic dataset may not
fully  represent  the  global  pandemic.  This  constraint
likely  reflects  pronounced  heterogeneity  across
countries and regions in sampling intensity, sequencing
capacity,  surveillance  practices,  and  the  timeliness  of
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FIGURE 1. Heatmap of monthly mpox incidence rates among countries that reported more than 50 cumulative cases from
January 2022 to September 2025.
Note:  Countries  with  more  than 50 cumulative  cases  were  included,  covering  more  than 99% of  all  reported  mpox cases
globally.  Monthly  incidence  rates  were  calculated  using  the  formula  ln(x×105+0.1).  Hierarchical  clustering  of  rows  and
columns was performed using the complete linkage method with Euclidean distances. A total of 69 countries were included,
with  rows  representing  countries  and  columns  representing  months.  Color  gradients  indicate  the  magnitude  of  monthly
incidence rates, with red indicating higher incidence and blue indicating lower incidence.
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sequence  submission.  Such  spatiotemporal  sampling
imbalance  may  introduce  ascertainment  bias,  thereby
affecting  regional  comparisons  and  the  interpretation
of  temporal  trends.  Specifically,  given  the  widespread
global  circulation  of  clade  IIb  and  the  relatively  high
number  of  well-assembled  sequences  submitted  from
high-burden  regions,  the  dataset  likely  provides  a
comprehensive  representation  of  its  genetic  diversity.
However,  the  limited  sequencing  capacity  in  Africa,
further  compounded by the  exclusion of  low-coverage
sequences, may mean that the true diversity and extent
of  clade  Ib  transmission  are  not  fully  captured.  These
imbalances  underscore  the  urgent  need  to  enhance
equity  and  balance  in  global  genomic  surveillance.
Second,  the  inference  of  spatiotemporal  transmission
was  limited  by  imperfect  temporal  and  geographic
concordance  between  epidemiological  investigations
and available genomic data. Nevertheless, the principal
evolutionary  patterns  identified  in  this  study  are
broadly  consistent  with  the  observed  phase-specific
macroepidemiological  features.  Specifically,  clade  IIb
showed  extensive  intercontinental  dissemination  and
relatively high genetic diversity by 2022, aligning with
the Europe- and Americas-dominated phases, followed
by  a  gradual  decline  after  2023.  In  contrast,  clade  Ib
exhibited a more localized transmission focus in Africa
with  comparatively  limited  diversity,  which  is
consistent  with  the  subsequent  Africa-centered  phase.
Taken  together,  this  concordance  supports  the
robustness of the core conclusions; however, inferences
for  regions  with  sparse  genomic  sampling  should  be
interpreted with caution.

Currently,  clade  Ib  continues  to  circulate  in  Africa,
with  sporadic  importations  and  limited  local
transmission.  In  2025,  an  additional  outbreak  driven
by  clade  IIb  occurred  in  Sierra  Leone,  indicating  that

the  mpox  epidemic  caused  by  clade  IIb  persists.  The
G.1 lineage (A.2.2.1) detected in Sierra Leone carries a
high  proportion  of  apolipoprotein  B  mRNA-editing
enzyme  catalytic  polypeptide-like  3  (APOBEC3)-type
mutations,  suggesting  potential  human  adaptation
(16).  However,  whether  this  lineage  has  acquired
enhanced  transmissibility  remains  to  be  determined.
Future  mpox  prevention  and  control  efforts  should
adopt  a  framework  of  global  collaboration;  prioritize
Africa,  particularly  West  Africa,  for  enhanced
surveillance,  genomic  sequencing,  and  molecular
tracing;  and  promote  equitable  access  to  vaccines  and
antiviral  therapies.  Targeted  interventions  tailored  to
distinct  transmission  patterns  and  high-risk
populations  are  essential  to  prevent  the  recurrence  of
global pandemics. 
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TABLE 2. Characteristics  of  the  five  highest-risk  mpox  transmission  clusters  worldwide  from  January  2022  to  September
2025.

Cluster Time frame Locations included Number of
cases

Observed/
expected

Relative
risk

Log
likelihood

ratio
P

1 2022/5/1 to
2022/10/31

United Kingdom (cluster center), Ireland, Netherlands,
Belgium, Luxembourg, France, Denmark, Germany,
Switzerland, Andorra, Iceland, Spain, Portugal,

Monaco, Czech Republic, Austria, Sweden, Slovenia,
San Marino

23,409 20.98 24.28 50,544.05 <0.001

2 2022/6/1 to
2022/11/30 USA (cluster center), Canada, Mexico 34,641 22.47 28.16 78,303.17 <0.001

3 2022/7/1 to
2022/12/31

Bolivia (Plurinational State of) (cluster center),
Paraguay, Peru, Brazil, Uruguay, Argentina, Chile,

Ecuador, Colombia
21,460 16.98 19.36 41,871.78 <0.001

4 2024/9/1 to
2025/8/31

Democratic Republic of the Congo (cluster center),
Rwanda, Burundi, Uganda 36,774 34.56 44.16 98,765.45 <0.001

5 2025/4/1 to
2025/9/30 Guinea (cluster center), Sierra Leone, Liberia 7,111 83.00 86.69 24,548.58 <0.001
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FIGURE 2. Phylogenetic  analysis  of  four  MPXV  clades  and  haplotype  network  characterization  of  MPXV  clade  Ib.  (A)
Phylogenetic tree constructed from complete genomes of four MPXV clades; (B) Haplotype network analysis of MPXV clade
Ib (January 2022 to September 2025).
Note:  For  (A),  a  total  of  14,089  MPXV  whole-genome  sequences  available  from  GISAID  during  the  study  period  were
retrieved. The sequences were filtered according to the following criteria: 1) genome length ≥190,000 base pairs; 2) absence
of  "warn/alert"  flags;  3)  no  insertions  or  gaps ≥200  nucleotides;  4)  absence  of  "stop/truncation"  annotations;  and  5)  only
countries with >50 cumulative mpox cases were included. After a multistep sampling procedure and removal of sequences
with  genome  coverage  <95%  (Supplementary  Table  S2,  available  at  https://weekly.chinacdc.cn/),  the  final  dataset
comprised  730  sequences,  including  183  clade  Ia,  45  clade  Ib,  10  clade  IIa,  and  492  clade  IIb  genomes.  For  (B)  MPXV
clade Ib whole-genome sequences available from GISAID during the study period were retrieved. Sequences with genome
coverage >95% were retained. A total of 245 sequences were included for haplotype network construction.
Abbreviation: MPXV=mpox virus.
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SUPPLEMENTARY MATERIAL
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SUPPLEMENTARY  FIGURE S1. Monthly  trends  and  regional  composition  of  newly  reported  mpox  cases  across  the  six
WHO regions from January 2022 to September 2025.
Note: Six colors represent WHO regions: SEARO, EMRO, EURO, AMRO, WPRO, and AFRO.
Abbreviation:  WHO=World Health Organization;  SEARO=South-East Asia Region; EMRO=Eastern Mediterranean Region;
EURO=European Region; AMRO=Region of the Americas; WPRO=Western Pacific Region; AFRO=African Region.
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SUPPLEMENTARY TABLE S1. Comparison of the epidemiological characteristics of mpox between two epidemic phases,
from January 2022 to August 2023, and from September 2023 to September 2025.

Epidemiological characteristic The first phase
(January 2022 to August 2023)

The second phase
(September 2023 to September 2025)

Dominant pathogen Clade IIb Clade Ib

Onset of epidemic increase May 2022 March 2024

Peak period August 2022 May 2025

Peak case count 31,008 cases 7,343 cases

Cumulative cases 89,870 cases 75,374 cases

Predominant epidemic regions
(proportion)

Region of the Americas and European Region
(96.18%)

African Region (71.48%)

 

SUPPLEMENTARY TABLE S2. Sampling procedure and dataset of genomic sequences used for phylogenetic analysis.

MPXV clades Total Round 1 (Random sampling
approximately 20%)

Round 2 (20% random sampling from
clade IIb, others unchanged)

Round 3 (Removal of sequences
with coverage less than 95%)

Clade Ia 1,049 210 210 183

Clade Ib 589 118 118 45

Clade IIa 39 10 10 10

Clade IIb 12,412 2,482 496 492

Total 14,089 2,820 834 730

 

SUPPLEMENTARY TABLE S3. Number of sequences and reported cases in countries included in the analysis.

Country Number of sequences
included in this study

Reported case
count

Included sequences/
case count, (%)

Argentina 2 1,376 0.15

Australia 13 1,769 0.73

Austria 3 381 0.79

Belgium 3 907 0.33

Brazil 39 14,328 0.27

Burundi 14 4,483 0.31

Canada 32 2,236 1.43

Central African Republic 9 180 5.00

Chile 5 1,677 0.30

China 10 3,618 0.28

Costa Rica 2 232 0.86

Côte d'Ivoire 5 167 2.99
Democratic Republic of the

Congo 203 30,615 0.66

Dominican Republic 3 83 3.61

Ecuador 4 629 0.64

France 3 4,539 0.07

Germany 95 4,532 2.10

Ghana 5 785 0.64

Guinea 2 1,040 0.19

Hungary 1 88 1.14

India 2 51 3.92

Indonesia 6 88 6.82

Ireland 17 320 5.31
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Continued

Country Number of sequences
included in this study Reported case count Included sequences/

case count, (%)
Israel 1 378 0.26

Italy 12 1,233 0.97

Japan 11 256 4.30

Kenya 2 624 0.32

Liberia 2 940 0.21

Malawi 2 122 1.64

Mexico 10 4,862 0.21

Netherlands 8 1,557 0.51

Nigeria 4 1,384 0.29

Oman 2 7 28.57

Pakistan 2 29 6.90

Paraguay 3 130 2.31

Peru 24 3,959 0.61

Philippines 9 334 2.69

Portugal 13 1,255 1.04

Republic of the Congo 12 128 9.38

Sierra Leone 2 5,345 0.04

Singapore 2 81 2.47

Republic of Korea 6 188 3.19

Spain 5 9,028 0.06

Sweden 2 373 0.54

Switzerland 2 651 0.31

Thailand 7 960 0.73

Uganda 20 8,209 0.24

United Kingdom 10 4,354 0.23

USA 148 35,590 0.42

Vietnam 1 211 0.47

Total 800 156,312 0.51
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Preplanned Studies

A Comprehensive Comparison of Transition Point Detection
Methods for Monkeypox — Africa, 2024–2025

Mengshou Wang1;  Zibin Yu1;  Ling Yin2,#;  Liu Hong1,#

 

Summary
What is already known about this topic?
Since  May  2022,  the  global  outbreak  of  mpox  has
presented  a  substantial  public  health  challenge,  with
recent  severe  resurgences  reported  in  several  African
countries,  particularly  in  the  Democratic  Republic  of
the Congo (DRC).
What is added by this report?
This  study  developed  compartmental-  and  network-
based  models  using  epidemiological  data  from  the
DRC,  a  country  that  has  experienced  a  recent  major
outbreak.  The  applicability  of  the  four  methods  for
transition  point  detection  in  mpox  transmission  was
confirmed  for  the  first  time.  The  strengths  and
limitations  of  each  approach  were  evaluated
systematically and quantitatively.
What  are  the  implications  for  public  health
practice?
These  findings  provide  theoretical  guidance  for
identifying  epidemic  transition  points  in  the  mpox
outbreak response and offer a reference for the rational
allocation of public health resources during epidemics.

 

ABSTRACT

Introduction:  Global  mpox  outbreaks  pose  a
significant public health challenge. Accuracy predicting
transition  points  can  guide  containment  measures.
However,  different  forecasting  methods  identified
distinct  types  of  transition  points,  making  it  essential
to clarify their applicability.

Methods:  Using  World  Health  Organization
(WHO)  mpox  outbreak  data,  this  study  employed
both  compartmental  epidemic  models  and  network
models for simulation. Four transition point detection
methods,  dynamic  network  biomarkers  (DNB),
Network Information Gain (NIG),  Temporal  Change
Point  Detection  (TCD),  and  Spatial-Temporal
Principal  Component  Analysis  (stPCA),  were  applied
for predictions.

Results:  The  study  revealed  that  NIG-  and  DNB-

based  methods  were  more  suitable  for  detecting  the
peak  timing  of  new  cases,  the  epidemiological
inflection  point,  while  TCD  and  stPCA  were  more
applicable  for  identifying  the  point  of  maximum
acceleration  in  case  incidence.  These  findings  were
validated in three African countries with high outbreak
intensities too.

Conclusion:  NIG  and  DNB  can  predict  the  peak
timing  of  new  mpox  cases,  whereas  TCD and  stPCA
are  suitable  for  forecasting  the  point  of  maximum
acceleration in case incidence. These approaches enable
more  rational  allocation of  epidemic  control  resources
and  timely  adjustment  of  containment  measures,
offering critical insights for managing mpox outbreaks. 

 

Since  May  2022,  WHO-reported  mpox  outbreaks
have become a global public health challenge (1), with
severe  resurgences  in  Africa  threatening  human health
and  well-being.  Correctly  identifying  the
epidemiological  transition  from  a  low  to  high
prevalence  deepens  understanding  of  outbreak
dynamics and enables more effective control strategies.

Utilizing  data  from  the  WHO  "Global  Mpox
Trends"  report  and  population-normalized  confirmed
case counts from Our World in Data (2–3), this study
performed  a  comprehensive  comparison  of  four  state-
of-the-art  transition  point  detection  methods  for  a
representative country, the Democratic Republic of the
Congo  (DRC),  from  January  1,  2024,  to  November
30, 2025. These methods include NIG (4),  TCD (5),
stPCA (6), and DNB (7).

Given  the  mpox  transmission  patterns,  it  is
reasonable  to  select  the  SEIR  compartmental  model,
which incorporates  an exposed (latent)  period,  for  the
analysis and discussion of the epidemic, as illustrated in
Figure  1B.  The  SEIR  model  can  be  derived  from  a
more  detailed  network  model  in  which  individuals
serve as nodes and contacts serve as edges by imposing
a  homogeneous  mixing  assumption.  Based  on  data
from  the  WHO  "Global  Mpox  Trends"  report,  we
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derived  the  following  epidemiological  parameters  for
the  DRC:  transmission  rate β=0.38,  the  reciprocal  of
the  latent  period  σ=0.10,  the  reciprocal  of  the
recovery  period γ=0.33,  and  notably,  the  proportion
of  susceptible  individuals  in  the  total  population,
denoted  as  scale,  was  1.2 ‰.  Based  on  these
parameters,  a  corresponding  Watts-Strogatz  (WS)
network model  was established with a mean degree of
six  and  2,000  nodes.  The  details  are  provided  in  the
Supplementary Material. As shown in Figure 1C, both
the  compartmental  and  network  models  demonstrate
consistent and good fits to the data.

We  are  now  ready  to  apply  these  four  methods  to
identify  the  critical  transition  point  for  the  spread  of
mpox  in  the  DRC,  as  depicted  in  Figure  1A.  The
predicted  epidemic  transition  points  derived  from the
four distinct methodologies are summarized as follows.

Both the NIG and DNB methods forecast  the timing
of  the  peak  in  daily  newly  reported  case  numbers,
corresponding  to  the  inflection  point  in  cumulative
cases.  Specifically,  the  NIG prediction  is  closer  to  the
actual peak than that of the DNB, although it lags by 4
days,  while  the  DNB precedes  the  peak by  5  days.  In
contrast,  the  TCD  and  stPCA  methods  predicted  a
point much earlier than the peak of new daily cases. In
fact, they estimated the time of maximum acceleration
in  case  incidence,  i.e.  the  point  of  the  largest  rate  of
increase in new daily cases, with deviations of 48 and 3
days,  respectively.  From  this  perspective,  it  can  be
concluded that the NIG and DNB methods primarily
aimed  to  predict  the  timing  of  the  peak  in  new  daily
cases,  while the TCD and stPCA methods focused on
predicting  the  point  of  maximum acceleration  during
case growth, as depicted in Figure 1E.
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FIGURE 1. Epidemic  transmission  and  phase  transition  of  mpox  in  the  DRC.  (A)  Schematic  diagram  of  epidemic  phase
transition  in  a  network  model.  (B)  SEIR transmission  model  used for  modeling.  (C)  Fitting  of  compartmental  and network
models to data from the DRC, with predictions from four transition-point detection methods. (D) Normalized scores and (E)
time  differences  between  the  identified  transition  points  in  the  network  model  and  ground  truth  for  the  four  methods,
respectively.
Abbreviation:  DRC=Democratic  Republic  of  the  Congo;  SEIR=susceptible-exposed-infectious-recovered;  NIG=network
information  gain;  stPCA=spatial-temporal  principal  component  analysis;  TCD=temporal  change-point  detection;
DNB=dynamic network biomarker.
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Figure 1D shows the normalized score plots  for the
four  methods,  where  the  time  point  corresponding  to
the peak position of each curve represents the predicted
transition point. It can be observed that the score plots
of  NIG,  DNB  and  TCD  all  exhibit  a  single  distinct
peak,  except  for  the  stPCA  which  shows  two  notable
peaks  with  the  second  one  corresponding  to  the
inflection point during the decaying stage in daily new
cases.  Therefore,  stPCA  can  capture  additional
transition  signals  that  are  not  reflected  by  the  other
three methods.

These  findings  provide  valuable  guidelines  for  real-
world applications. For the purpose of early warning of
epidemics, the TCD and stPCA methods appear to be
suitable  choices,  as  they  are  more  sensitive  to  the
transition from a low level of prevalence to a high level,
which  is  of  critical  importance  for  the  design  of
effective  epidemic  prevention  strategies.  However,
because  the  NIG and DNB methods  are  aligned with
the  peak  of  new  cases  or  the  inflection  point  of
cumulative  cases,  they  provide  an  important  indicator
of the strategy change in epidemic control from a strict
policy to a relatively loose one.

To ensure the validity of our results under different
scenarios, the aforementioned methods were applied to
identify  the  mpox  epidemic  transition  points  in  three
other  African countries:  Uganda,  Kenya,  and Zambia.
As  shown  in  Figure  2,  the  results  obtained  are  all
consistent  with  those  presented  for  the  DRC,
indicating  that  these  four  methods  exhibit  wide
applicability  and  yield  consistent  outcomes  across
different regions. 

DISCUSSION

Based  on  the  above  results,  NIG  and  DNB belong
to  a  category  of  methods  predicting  the  timing of  the
peak in new case numbers, while TCD and stPCA fall
into  a  category  focused  on  predicting  the  time  of
maximum  acceleration  in  case  incidence.  The  main
reason for this is the distinct logic of the four methods
used for detecting the transition point. First,  the NIG
method,  which  focuses  on  network  flow  entropy  and
information  gain,  captures  critical  transitions  by
quantifying  the  modular  interaction  perturbations
between an individual sample network and a reference
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FIGURE 2. Results  for  three  other  severely  affected  countries  in  Africa:  Uganda,  Kenya,  and  Zambia.  (A,  B,  C)  Fitting  of
compartmental  and  network  models  to  the  data.  Predicted  transition  points  of  four  detection  methods  are  marked  by
symbols.  (D,  E,  F)  Normalized  scores  predicted  by  four  methods.  The  position  of  the  largest  score  indicates  the  critical
transition point. (G, H, I) Time difference between the identified transition points and the ground truth for the four methods
respectively.
Abbreviation:  DRC=Democratic  Republic  of  the  Congo;  SEIR=susceptible-exposed-infectious-recovered;  NIG=network
information  gain;  stPCA=spatial-temporal  principal  component  analysis;  TCD=temporal  change-point  detection;
DNB=dynamic network biomarker.
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set. At the peak of new cases in the SEIR model within
the  WS  network,  the  topological  reconstruction  of
inter-node  connections  and  changes  in  modular
associations  reached  their  most  significant  levels,  with
information  differences  at  the  network  level
accumulating  to  a  maximum,  thus  enabling  the  NIG
method  to  identify  the  tipping  point.  The  DNB
method  relies  on  characteristics  including  collective
fluctuations  in  local  modules,  enhanced  internal
correlations,  and  weakened  external  correlations  in
individual  networks.  When  disease  transmission
reaches  its  peak  in  a  WS  network,  the  synergistic
fluctuations  of  key  node  modules  satisfy  the  core
criteria for DNB identification, leading to synchronous
detection of the critical state at the peak.

In  contrast,  the  stPCA  method,  based  on  Takens'
delay  embedding  theory,  converts  the  high-
dimensional  spatial  information  of  the  WS  network
into univariate  temporal  dynamics,  with its  core focus
on  capturing  the  early  evolutionary  characteristics  of
the  system's  center  manifold  without  waiting  for
significant  mutations  in  the  network  topology.  When
the SEIR model propagated to the inflection point, the
system exhibited dynamic trends prior to the peak, and
early warning signals were captured in advance through
spatiotemporal  information  conversion.  Finally,  the
TCD  method  generates  prediction  sequences  via
randomly distributed embedding and quantifies subtle
fluctuations  in  the  prediction  errors  by  integrating
Bayesian  online  change-point  detection.  In  the  early
stages  of  disease  transmission  in  the  WS  network,
subtle  structural  changes  in  node  connections  have
already  manifested  through  prediction  errors,
eliminating the need to wait for significant topological
perturbations at the peak. Thus, the inflection point is
detected when the number of new cases reaches half of
the peak.

Our study is the first to confirm the applicability of
these  four  methods  for  transition-point  detection  in
mpox  transmission.  This  conclusion  does  not  rely  on
the specific details of the SEIR or WS network models,
nor  is  it  constrained  by  the  reported  mpox  data  from
the DRC, Uganda,  Kenya,  and Zambia.  For example,
the DNB method has been used to detect the seasonal
influenza outbreaks in Tokyo, Japan (8).

The  generalizability  of  our  findings  in  practice  is
subject to the following limitations:

First,  the  effectiveness  of  the  methods  for  other
infectious  diseases  requires  further  validation,  the
homogeneous  mixing  assumption  may  not  accurately
represent  structured  contact  patterns,  and  potential

underreporting  in  some  African  countries  may  affect
data comprehensiveness.

Second, the type and scale of the network, variations
in  data  sources,  and  deviations  between  the  actual
acquired  data  and  ground  truth  owing  to  noise
interference could all exert a non-negligible impact on
the  actual  performance  of  the  method  in  real-world
applications.

Third,  due  to  data  availability,  the  current  study
relies solely on data from African countries, which may
introduce geographical bias.

Fourth,  only  recent  viral  strains  were  considered,
which  leads  to  potential  limitations  in  strain
representativeness.  We  also  acknowledge  the
limitations  of  using  lead  time  as  a  single  evaluation
metric, which may not sufficiently distinguish between
the  different  implications  of  early  and  delayed
predictions  in  real  epidemic  prevention  and  control
practices.

In summary, through a discussion of four transition-
point  detection  methods  (NIG,  TCD,  stPCA,  and
DNB) in the context of the mpox outbreak, this study
clarified  their  respective  applicable  scopes.  These
approaches  facilitate  a  more  rational  allocation  of
epidemic  control  resources  and  the  timely  adjustment
of containment measures, thereby providing important
insights for the management of mpox outbreaks. 
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SUPPLEMENTARY MATERIALS
 

Network Model
Modeling infectious diseases at the individual level using complex network frameworks enables a more granular

analysis  of  transmission  dynamics  and  control  measures.  In  this  model,  the  nodes  represent  individuals,  and  the
edges denote the contacts between them. Based on the mpox transmission mechanism, node states are categorized
into four classes:  susceptible individuals  who have not yet  been infected (S),  exposed individuals  who are infected
but asymptomatic and non-infectious (E), infectious individuals who are symptomatic and capable of transmitting
the disease (I), and recovered individuals who are immune to reinfection (R), as shown in Figure 1B.

i=1, . . . ,N i
j aij =  aij =  i

β σ

γ

Consider a network of N nodes indexed by  , with adjacency matrix A. If node   is in contact with node
, then  ; otherwise,  . Each node   can be in one of the states: S, E, I, or R. The transition probabilities
per unit time are defined as follows: 1) A node in state S can be infected by each of its infectious neighbors (state I)
with probability  , transitioning to state E; 2) A node in state E transitions to state I with probability  ; 3) A node
in state I transitions to state R with probability  .

p
S
i (t),pEi (t),pIi (t) p

R
i (t) i t

t + δt

δt → 

Let  ,  and    denote  the  probabilities  that  node    is  in  states  S,  E,  I,  and  R  at  time  ,
respectively. Using a Markov state transition tree to derive the state probabilities at time   and taking the limit

, we obtain the following system of master equations:
dp

S
i (t)
dt

= −βpSi (t) N∑
j

ajip
I
j (t)

dp
E
i (t)
dt

= βp
S
i (t) N∑

j

ajip
I
j (t) − σp

E
i (t)

dp
I
i (t)
dt

= σp
E
i (t) − γp

I
i (t)

dp
R
i (t)
dt

= γp
I
i (t)

R = ρ(A)β/γ ρ(A)Further details can be found in reference (1). Based on the next-generation matrix method, the basic reproduction
number can be derived as  , where   denotes the spectral radius, i.e. the largest eigenvalue, of matrix
A.

Network models play a significant role in epidemiology, accurately forecasting epidemic transmission dynamics,
analyzing  viral  spreading  mechanisms,  identifying  super-spreaders  and  transmission  hubs,  guiding  public  health
intervention strategies, optimizing non-pharmaceutical interventions, and designing targeted vaccination strategies. 

Compartmental Model

S(t)=∑
i

p
S
i (t)/N,E(t) = ∑

i

p
E
i (t)/N, I(t)=∑

i

p
I
i (t)/N R(t)=∑

i

p
R
i (t)/N

aij =
⟨k⟩⟨k⟩ aij = ⟨k⟩ ⟨k⟩

N → ∞

For  the  network  model,  we  adopted  a  homogeneous  mean-field  approximation  by  assuming  that  all  the  nodes
were  statistically  identical.  Define    ,  and  .
Furthermore,  the  original  adjacency  matrix  is  replaced  by  a  fully  connected  network  with  uniform  link  strength

or    ,  where    denotes  the  average  degree  of  the  network,  but  preserving  the  total  number  of
edges. In the limit   , the mean-field equations become:

dS(t)
dt

= −βS (t) I (t)
dE(t)
dt

= βS (t) I (t) − σE (t)
dI(t)
dt

= σE(t) − γI(t)
dR(t)
dt

= γI(t)
β =

⟨k⟩⟨k⟩ β β = ⟨k⟩β S(t)+E(t)+I(t)+R(t)=1

R = β/γwhere   or  , and the conservation law   holds. This formulation is identical to

the classical compartmental model. The basic reproduction number for this model is given by  .
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The  compartment  model  has  a  long  history  in  the  study  of  epidemics  dating  back  to  the  pioneering  work  of
Kermack  and  McKendrick  in  1927.  It  offers  high  interpretability  and  features  a  relatively  simple,  flexible,  and
expandable structure. The compartment model does not require complex or high-quality data, making it a widely
applied  mainstream  model  for  forecasting  infectious  diseases.  However,  it  highly  depends  on  the  researcher's
understanding of the disease transmission mechanism, and the omission of network structure details greatly restricts
its application.

In  this  study,  we  integrate  both  modeling  approaches:  the  compartmental  (SEIR)  model  provides  foundational
population-level estimates of transmission dynamics, while the network model simulates the heterogeneous, contact-
driven spread within a structured population. This combination allows us not only to calibrate core epidemiological
parameters,  but  also  to  identify  early  warning  signals  of  accelerated  transmission  that  precede  detectable  shifts  in
aggregate case counts. 

Data and Parameters

σ = /E[L] E[L]
Drawing  on  epidemiological  parameter  data  from  the  World  Health  Organization  (WHO)  “Global  Mpox

Trends”  released  on  December  18,  2025,  and  confirmed  case  counts  from  Our  World  in  Data,  we  adopt  the
following assumptions: the incubation period follows an exponential distribution, giving  , where   is
the  mean  incubation  period;  transmission  occurs  after  symptom  onset  and  is  uniformly  random  during  the
infectious period, leading to the approximation

E(SI) ≈ E(GT) ≈ mean incubation period +

 ×mean infectious period

E(SI) E(GT)
γ = /((E(SI) − E[L]))where    is  the  mean  serial  interval  and    is  the  mean  generation  time.  Consequently,

.

E[L] = .
E[SI] = . σ = . γ = .

β = .

The Democratic  Republic  of  the  Congo (DRC) was  selected  as  the  representative  country,  with  data  spanning
from January 1, 2024, to November 30, 2025. The corresponding epidemiological parameters are   days
and   days  (2),  resulting  in    and  .  Fitting  the  SEIR model  to  this  dataset  produces  an
estimated  mean  transmission  rate  .  A  parameter  scale  was  introduced  during  the  model  fitting  process,
which represents the proportion of susceptible individuals within the total population.

Based  on  the  available  data  from global  repositories  (e.g.,  INRB,  GISAID,  and  GenBank)  and  alignment  with
WHO  reports  on  global  mpox  trends,  the  circulating  virus  strains  in  the  DRC  during  the  study  period
predominantly belonged to Clade I, with subclades Ia and Ib co-circulating across provinces. Because both subclades
fell within the same major clade (Clade I), our analysis did not further differentiate their potential effects. 

Methods for Transition Point Detection
Identifying  the  critical  moments  at  which  a  system is  about  to  undergo  a  drastic  transition  before  a  large-scale

outbreak occurs is a core question in the field of epidemiology. Its value lies in providing key temporal references for
assessing epidemic trends and informing public health decision making. Here, we list four typical methods used for
transition-point detection in the literature. 

Dynamic  network  biomarker  (DNB):　When  a  physical  system  approaches  a  critical  state  from  a  stable  normal
state,  a  DNB module  (a  group of  nodes)  appears  and satisfies  the  following  three  requirements:  1)  Deviation  for
each node inside the module drastically increases; 2) Correlation between nodes inside the module rapidly increases;
3) Correlation between nodes inside and outside of the module rapidly decreases (3). The DNB module is obtained
by maximizing the DNB score.

IDNB = SDin
PCCin

PCCout
,

SDin PCCin
PCCout

where   is the standard deviation of the DNB module,   is the average of the absolute Pearson correlation
coefficients  among the nodes  in  the  DNB module,  and  is  the  average  of  the  nodes  within and outside  the
DNB module. 

Network information gain (NIG):　The NIG records the global disturbed information gain between the reference
samples and the one case sample (4).  Therefore, it  characterizes the network fluctuations of the nodes in a system
rather than random fluctuations, which is the core of quantifying the criticality of the network. For a network of m
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n n+1nodes, the NIG score is defined as the average difference between the cumulative information gains of   and 
samples respectively.

NIG = 
m

m

∑
i=

[IGn+(xi) − IGn(xi)] .
Hn(xik) xik

Hn(xik∣xi) xik xi

The cumulative information gain here is given by the difference between the node entropy   with   as the
central node and the conditional entropy   when   is considered a neighboring node of  :

IGn(xi) = 
ni

ni

∑
k=

[Hn(xik) −Hn(xik∣xi)],
ni xiwhere   denotes the total number of neighbors of node  . When the NIG score sharply increased and peaked, the

system reached a transition point. 

X
t

Z
t

L > 
Z
t = ϕ(Xt)

Z
t = WX

t

Spatial-temporal principal component analysis (stPCA):　The stPCA is designed to maintain the interpretability of
a  linear  subspace while  representing a  high-dimensional  dynamical  system with a  single  projected variable  using a
delay embedding strategy (5). For an observed high-dimensional time series  , one can construct a corresponding
delayed vector   by using a delay-embedding strategy,  with   as  the embedding dimension.  They are related
through  the  spatial-temporal  information  transformation  (STI)  equations  ,  whose  linearization  gives

. Similar to the PCA method, the loss function of the stPCA is given by

min
w

− ( − λ) L

∑
i=

∣∣WiX∣∣ + λ
L−

∑
i=

∣∣WiP −Wi+Q∣∣,
X=[X

, . . . ,X
m],P = [X

, . . . ,X
m],Q = [X

, . . . ,X
m−], λ ∈ [,]where   and   is a regularization weight.

To identify the transition point of the dynamic system, a sliding window scheme was implemented that divided
the entire process into smaller windows. Then, for each window, the high-dimensional time series were reduced to a
one-dimensional trajectory of the latent variable using stPCA. Finally, the abrupt increase in the standard deviation
provides a clear signal of the upcoming critical transition. 

Temporal  change-point  detection  (TCD):　This  approach  first  uses  a  Randomly  Distributed  Embedding  (RDE)
framework  to  compute  predictions  based  on  the  time  points  in  a  prescribed  sliding  window  of  short  length  (6).
Therefore,  when  the  underlying  system  undergoes  an  abrupt  state  transition,  the  fidelity  of  the  prediction  is
expected to decrease quickly, but then recover shortly after the small window slides through the change point. With
respect  to  the  standard  deviation  of  the  predictions  and  the  prediction  error,  the  BOCD test  was  applied,  which
aims  to  estimate  the  run-length  posterior  distribution  and  the  posterior  predictive  distribution  with  Bayesian
inference.  Based on the run length distribution,  a  change point can be detected when the run length decreases  to
zero. 

Computational Workflow
The computational workflow for this epidemiological modeling study is structured into four consecutive stages: 

(σ ⋅ E) × scale

Data  acquisition  and  preprocessing:　 The  smoothed  time  series  data  for  daily  new  cases  per  million  in  the
Democratic  Republic  of  the  Congo were  sourced from the Our World in Data  database,  serving as  the  empirical
proxy for the SEIR model term  . 

β, σ, γ S,E, I,R scale

Parameter  estimation  via  model  calibration:　A  deterministic  SEIR  compartmental  model  was  calibrated  to  this
data  by  minimizing  the  Mean  Squared  Error  (MSE)  loss,  thereby  estimating  the  key  epidemiological  parameters
( ), initial conditions ( ), and the data scaling factor ( ). 

Network model construction:　Utilizing the parameter set derived from the preceding calibration, a corresponding
network-based epidemic model was constructed to incorporate the population structure and contact heterogeneity. 

Critical Transition Analysis:　Finally, the transition point (or epidemic threshold) within the constructed network
model  was  detected  and  compared  using  four  distinct  computational  methods:  Dynamic  Network  Biomarkers,
Network  Information  Gain,  Temporal  Change-Point  Detection,  and  Spatial-Temporal  Principal  Component
Analysis.

Code is available at https://github.com/alierzy/Mpox.git. 
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ABSTRACT

Introduction:  Monkeypox  (mpox)  has  re-emerged
as  a  significant  global  public  health  threat.  This  study
developed  a  practical,  rapid  early-warning  tool  to
quantify  country-level  mpox  importation  risk  and
identify potential sources of cross-border transmission.

Methods:  We  obtained  weekly  confirmed  mpox
case  data  and  international  passenger  volume  data
spanning January  2022 through November  2025.  We
constructed  an  importation  risk  index  (RI)  that
integrated  epidemic  intensity  in  source  countries,
passenger  flows,  and  public  health  response  capacity.
Using  a  simplified  ordinary  differential  equation
framework, we derived a regional RI to estimate time-
varying  growth  and  acceleration  parameters  from
surveillance time series.  We then computed both real-
time and baseline RI values and evaluated their lagged
correlations with reported case counts.

Results:  The  RI  demonstrated  consistently  strong
lagged  correlations  with  subsequent  reported  case
counts.  The  real-time  RI  provided  earlier  alerts  in
93.3%  of  countries,  with  a  mean  lead  time  of  4.23
weeks  —  approximately  3.7  weeks  ahead  of  the
baseline RI. The dominant sources of importation risk
varied across countries,  suggesting that this  model can
inform  tailored,  country-specific  prevention  and
control strategies.

Conclusion:  This  cross-border  risk  assessment
model  provides  an  actionable  framework  for  early
warning  and  source  attribution,  supporting  targeted
surveillance  and  proactive  allocation  of  public  health
resources.  These  findings  underscore  the  critical
importance  of  global  health  collaboration  and  timely
data sharing. 

 

Monkeypox  (mpox)  is  caused  by  the  monkeypox
virus  (MPXV)  (1).  Sustained  human-to-human

transmission  fueled  a  multinational  outbreak,
prompting the World Health Organization (WHO) to
declare  a  Public  Health  Emergency  of  International
Concern  (PHEIC)  in  both  2022  and  2024  (2).  The
ongoing  evolution  of  MPXV  poses  a  persistent
epidemic  risk,  necessitating  continuous  monitoring  of
viral  mutations alongside the development of practical
risk-warning tools (3–4).

Previous  studies  have  assessed  cross-border
transmission  risk  using  case  data  and  passenger
volumes  between  regions  (5–7).  However,  delays  in
clinical  consultation,  sample  processing,  and  case
reporting  frequently  hinder  timely  public  health
responses. To address these gaps, we constructed a risk
assessment  model  integrating  airline  network
connectivity and healthcare control capacity to identify
high-risk  regions  for  mpox  importation  and  enhance
the speed and accuracy of risk assessments. 

METHODS
 

Data Source and Preprocessing
Weekly  confirmed  mpox  case  data  from  January

2022  to  November  2025  were  obtained  from  the
WHO  dashboard  (8).  Monthly  international  air
passenger  data  covering  the  same period  were  sourced
from  the  Official  Aviation  Guide  (OAG,
www.oag.com).

Importation  risk  primarily  originates  from  regions
with  high  levels  of  epidemic  activity.  Countries  with
cumulative  confirmed  case  counts  exceeding  200
during  the  study  period  were  selected  for  analysis;  48
countries met this criterion. 

Risk Index Assessment
To address  lags in data availability,  we analyzed the

importation  risk  index  (RI)  and  its  relationship  to
reported case counts. The RI is defined as follows:

RIt∶Dt × Ft × St (1)
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Dt

t

Ft

St

t

RI(d, f, s)

where    represents  the  weekly  confirmed  mpox  case
count  reported  by  the  source  country  at  week  ,
normalized  using  min-max  normalization  across  all
source countries for each week to ensure cross-country
comparability;   denotes  the  outbound  air  passenger
volume  from  the  source  country  to  the  destination
country;    represents  the  stringency  index  of
prevention  and  control  measures,  derived  from  the
Global  Health  Security  (GHS)  Index  —  the  GHS
score  was  inverted  (100−GHS)  so  that  higher  values
indicate  weaker  health  security  capacity  (9);  and    is
the  week  of  assessment.    thus  quantifies  the
risk of cross-border mpox importation.

For temporal harmonization, weekly confirmed case
data  served  as  the  base  temporal  resolution.  Monthly
international  air  passenger  data  were  uniformly
disaggregated to the weekly level. The stringency index,
a relatively stable country-level  indicator,  was assigned
as  each  country's  most  recent  available  score.  Where
case  or  passenger  data  were  unavailable  due  to
reporting delays, linear interpolation was applied to fill
gaps.

d ∈ D

RRI
t RRI = ⋅v(t) v (t) ∈ R

n

t ∈ R
n

Given the observed outbreak time-series  data 
for  a  region,  we  defined  the  regional  risk  index  ( )
at  time    as  ,  where    is  an  n-
dimensional  vector  representing  multidimensional
epidemic features of the region at time  , and   is a
weight  vector  balancing  the  contribution  of  each
dimension to the RI. Equal weights were assigned to all
dimensions.  This  parsimonious  approach  avoids
subjective  bias  in  the  absence  of  empirical  evidence
favoring  any  single  component  and,  because  these
dimensions  capture  complementary  aspects  of
epidemic  risk,  provides  a  transparent  and  readily
reproducible baseline.

v (t)
N (t)

t

N (t)
To  compute    explicitly,  we  constructed  a

simplified  model  guided  by  the  principles  of  dynamic
transmission modeling. Let   denote the number of
infectious  cases  at  time    in  the  source  countries.  We
modeled   using the following ordinary differential
equation:

dN(t)
dt

= λ (t)N(t) (2)

λ (t)
λ (t)

Here,    is  a  time-varying  coefficient
encompassing  the  growth  rate,  control  intensity,  and
effective  reproduction  number.  A  first-order  linear
approximation of   was adopted for computational
tractability and interpretability:

λ (t) = at + b (3)

a

b

a

b d ∈ D

λ (t∗) = 
t
∗ = −b/a a

P

Within a sliding window of several weeks, the time-
varying  transmission  coefficient  can  be  reasonably
approximated by a  linear  trend,  as  short-term changes
in  transmission  intensity  are  generally  monotonic.
Parameter   captures the acceleration (or deceleration)
of  transmission,  while    captures  the  baseline  growth
rate at the start of the window. Both parameters   and
  were  estimated  from  the  time-series  data  ( ).

Setting    yields  the  epidemic  inflection  point
.  Parameter    describes  the  acceleration  of

the  infection  rate  under  the  combined  influence  of
various  factors.  Denoting  the  total  population  of  the
region as  , we defined the following four-dimensional
vector to characterize the epidemic risk situation:

v (t) = (∣t − t
∗∣ , λ (t) ,N (t) , N(t)

P
) (4)

 

Lagged Correlation Assessment
The  real-time  RI  is  defined  as  the  index  computed

using  current  case  counts  and  passenger  volume  data,
representing  the  best  estimate  under  ideal  data
availability. The baseline RI (base RI) is defined as the
index  calculated  under  realistic  reporting-delay
conditions,  with  case  data  lagged  by  4  weeks  and  air
passenger  data  by  8  weeks,  reflecting  the  data
availability typical of routine surveillance settings.

We  assessed  the  lagged  correlation  between  the  RI
and  reported  case  counts.  Lead  time  was  determined
using  an  Exponentially  Weighted  Moving  Average
(EWMA)  early-warning  algorithm and  was  defined  as
the  time  difference  (in  weeks)  between  the  RI
triggering  an  alert  and  the  reported  case  count
triggering an alert. 

RESULTS

We  evaluated  model  effectiveness  across  three
dimensions:  risk  index  values,  lag  time,  and  primary
sources  of  risk.  Figure  1  shows  that  the  mpox
importation RI was highest  in 2022,  with peak values
exceeding  1.0  in  seven  countries,  primarily
concentrated in Europe. During 2023 and 2024, peak
RI  values  exceeded  1.0  in  four  and  five  countries,
respectively,  and  the  risk  shifted  toward  East  Asia.  By
2025, overall importation risk remained low.

Among  the  30  countries  with  the  highest
importation  RI,  reported  case  counts  exhibited  strong
lagged correlations with RI values: 100% and 70.3% of
countries showed correlation coefficients above 0.7 for
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the real-time and baseline RIs, respectively (Table 1).
The real-time RI identified importation risks before

a  rapid  increase  in  case  counts  in  93.3% of  countries,
with  an  average  lead  time  of  4.23  weeks;  by
comparison,  the  baseline  RI  achieved  a  lead  time  of
only 0.5 weeks (Figure 2). These findings demonstrate
that  both  the  real-time  and  baseline  RIs  can  serve  as
effective  early-warning  tools,  while  underscoring  the
critical importance of timely surveillance data.

For  most  countries,  importation  risk  was  primarily
driven  by  the  United  States,  Australia,  Spain,  the
Democratic  Republic  of  the  Congo,  the  United
Kingdom, and Brazil (Figure 3). The dominant sources
varied  across  recipient  countries,  indicating  that  this
model can inform tailored, country-specific prevention
and control strategies.
 

DISCUSSION

This  risk  assessment  model  offers  a  practical
approach  to  quantifying  and  anticipating  cross-border
mpox  importation  risk  by  integrating  epidemic
intensity  in  source  countries,  cross-border  passenger
volumes,  and  contextual  indicators  of  response
capacity.  The  strong  concordance  between  estimated
importation  risk  and  subsequent  case  trajectories
supports  the  model's  validity  and  robustness.  This
consistency was evident in both the trends and absolute
levels  of  RI  changes,  confirming  the  reliability  and
stability of the risk assessment framework (10).

The cross-country variation in real-time RI lead time
(0–15  weeks)  reflects  several  interacting  factors.
Countries  with  well-established  surveillance  systems
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FIGURE 1. RI heatmap, 2022W01–2025W48.
Note: Forty-eight countries with cumulative cases greater than 200 are shown. The colors behind the row names correspond
to different regions. White dashed lines separate different years.
Abbreviation:  RI=risk  index;  ARG=Argentina;  AUS=Australia;  AUT=Austria;  BDI=Burundi;  BEL=Belgium;  BOL=Bolivia;
BRA=Brazil;  CAF=Central  African  Republic;  CAN=Canada;  CHE=Switzerland;  CHL=Chile;  CHN=China;  COD=Democratic
Republic  of  the  Congo;  COL=Colombia;  CRI=Costa  Rica;  DEU=Germany;  DNK=Denmark;  ECU=Ecuador;  ESP=Spain;
FRA=France;  GBR=United  Kingdom;  GHA=Ghana;  GIN=Guinea;  GTM=Guatemala;  IRL=Ireland;  ISR=Israel;  ITA=Italy;
JPN=Japan;  KEN=Kenya;  KOR=Republic  of  Korea;  LBR=Liberia;  MEX=Mexico;  NGA=Nigeria;  NLD=Netherlands;
PAN=Panama;  PER=Peru;  PHL=Philippines;  POL=Poland;  PRT=Portugal;  SAU=Saudi  Arabia;  SLE=Sierra  Leone;
SWE=Sweden;  THA=Thailand;  TZA=United  Republic  of  Tanzania;  UGA=Uganda;  USA=United  States;  VNM=Vietnam;
ZMB=Zambia.
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and  short  reporting  delays  (e.g.,  Germany  and  the
United Kingdom) exhibited shorter lead times because
their  baseline  RI  already  approximates  real-time
conditions,  limiting  the  incremental  predictive  gain.
Additionally,  countries  with  diverse,  multi-source

travel  connectivity  may  aggregate  risk  signals  across
multiple  importation  pathways,  enabling  earlier
detection  (11).  These  findings  underscore  the
importance of reducing surveillance reporting delays to
maximize early-warning performance.

 

TABLE 1. Lagged correlation between the importation risk index and reported cases, and the lead time for early detection of
the increase in mpox cases.

No. Country
Real-time risk index Baseline risk index

r Lead time (week) r Lead time (week)

1 ARG 0.96 9 0.96 4

2 AUT 0.99 3 0.86 0

3 BEL 0.99 2 0.69 0

4 BRA 0.99 3 0.84 0

5 CAN 0.95 0 0.31 −4

6 CHE 0.98 2 0.74 0

7 CHL 0.98 5 0.97 0

8 CHN 0.88 3 0.76 0

9 COL 0.99 7 0.99 1

10 CRI 0.83 15 0.41 12

11 DEU 0.98 0 0.46 −2

12 DNK 0.95 3 0.71 0

13 ECU 0.95 11 0.94 5

14 ESP 0.98 2 0.71 0

15 FRA 0.99 3 0.81 0

16 GBR 0.98 1 0.50 −3

17 GTM 0.89 14 0.89 10

18 IRL 0.90 4 0.87 0

19 ISR 0.95 2 0.63 0

20 ITA 0.96 1 0.72 0

21 JPN 0.86 4 0.84 0

22 KOR 0.87 8 0.89 0

23 MEX 0.98 7 0.97 1

24 NLD 0.98 1 0.52 −2

25 PER 0.99 3 0.92 −1

26 POL 0.98 5 0.97 −1

27 PRT 0.91 1 0.49 −1

28 SWE 0.90 2 0.74 0

29 THA 0.79 3 0.68 −2

30 USA 0.98 3 0.86 −2
Note:  r,  the  optimal  Pearson  correlation  coefficient  from the  lagged  cross-correlation  between  the  importation  risk  indices  (real-time  and
baseline) and weekly reported case counts; lead time (weeks), the time difference between the RI triggering an early-warning alert and the
reported  case  count  triggering  an  alert,  determined  by  the  EWMA  algorithm;  positive  values  indicate  the  RI  provided  an  earlier  alert,
negative values indicate a delayed alert.
Abbreviation:  RI=risk  index;  EWMA=exponentially  weighted  moving  average;  mpox=monkeypox;  ARG=Argentina;  AUT=Austria;
BEL=Belgium; BRA=Brazil;  CAN=Canada; CHE=Switzerland; CHL=Chile; CHN=China; COL=Colombia; CRI=Costa Rica; DEU=Germany;
DNK=Denmark;  ECU=Ecuador;  ESP=Spain;  FRA=France;  GBR=United  Kingdom;  GTM=Guatemala;  IRL=Ireland;  ISR=Israel;  ITA=Italy;
JPN=Japan;  KOR=Republic  of  Korea;  MEX=Mexico;  NLD=Netherlands;  PER=Peru;  POL=Poland;  PRT=Portugal;  SWE=Sweden;
THA=Thailand; USA=United States.
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The  model  demonstrates  substantial  early-warning
value: compared with the baseline RI, the real-time RI
provided  an  approximately  four-week  lead  time.  This
advance  warning  can  optimize  public  health  resource
allocation,  reduce  the  economic  impact  of  outbreaks,
heighten  public  awareness,  strengthen  international
cooperation,  and  inform  evidence-based  policy
development.  Further  reductions  in  reporting  delays
would  enable  near-real-time  situational  awareness  and
extend the effective  warning window (12),  reinforcing
the  need  for  stronger  international  and  multisectoral
collaboration (13–14).

Beyond  identifying  when  risk  increases,  the  model
helps  pinpoint  the  sources  of  importation  risk.  For
many  countries,  importation  risk  is  concentrated
among  a  set  of  major  source  countries,  but  the
dominant  sources  differ  across  recipients.  This
heterogeneity  supports  tailored  risk  management
strategies  based  on  each  country's  connectivity  profile
(15).  Our  findings  further  suggest  that  even  when
overall  global  risk  is  low,  localized  or  regional  surges
can  rapidly  reintroduce  importation  threats  through
highly connected travel nodes.

λ (t)

This study has several limitations. First, the RI relies
on  reported  case  counts  and  auxiliary  indicators  that
may  be  affected  by  under-ascertainment,
heterogeneous  surveillance  capacity,  and  reporting
delays, potentially biasing estimates and limiting cross-
country  comparability.  Second,  the  mobility
component  focuses  exclusively  on  air  travel  and  may
underestimate  risk  in  settings  where  land  or  sea
crossings  are  substantial.  Third,  the  linear
approximation  for    may  be  inadequate  during
periods  of  rapid  epidemic  change;  future  work  could
explore  piecewise-linear  or  nonlinear  specifications  to
capture  more  complex  trajectories.  Fourth,  equal
weights  were  assumed  for  all  regional  risk  index
dimensions;  future  studies  could  leverage  prior
knowledge  or  empirical  calibration  data  to  optimize
the  weight  vector  and  further  enhance  predictive
accuracy. 
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ABSTRACT

Introduction:  In  the  context  of  globalization,  the
risk  of  cross-border  transmission  of  infectious  diseases
is  continuously increasing.  There is  an urgent need to
develop  a  scientific,  dynamic,  and  practical  tool  that
captures  regional  heterogeneity  in  importation  risk,
thereby  facilitating  more  targeted  prevention  and
control measures at ports of entry.

Methods:  We  devised  an  extensible  importation
risk  assessment  framework  by  selecting  key  indicators
through  a  Delphi  expert  consultation  process  and
assigning  their  respective  weights  using  the  Analytic
Hierarchy Process (AHP). Taking monkeypox (mpox)
as a case study, we applied the framework to the global
mpox  epidemic  spanning  from  May  2022  to
September  2025  under  three  risk  scenarios:  Clade  I,
Clade  II,  and  a  non-clade-specific  (aggregated)
scenario.  We then  analyzed  the  temporal  evolution  of
major  source  countries,  the  spatial  distributions  of
provincial  risk  levels,  and  the  association  between
clade-specific importation risk indices and domestically
reported mpox cases across the study period.

Results:  Our  clade-stratified  risk  assessment
framework  demonstrates  a  high  degree  of  consistency
and reveals  significant disparities  between Clade I  and
Clade II in both international source contributions and
provincial  vulnerability.  The  importation  risk
associated with Clade I is predominantly influenced by
Central  African countries,  particularly  the Democratic
Republic  of  the  Congo  and  Uganda.  In  contrast,  the
risk related to Clade II is primarily associated with the
United  States  and  Southeast  Asian  nations,  such  as
Thailand  and  the  Philippines.  Provincial  importation
risks generally adhere to a spatial pattern of "east-high,
west-low":  Shandong  Province  consistently  exhibits  a
very  high  risk  under  Clade  I,  while  Fujian  Province
maintains a very high risk under Clade II. Notably, the
Clade  II-specific  risk  index  exhibited  a  statistically
significant positive correlation with national mpox case

counts  (Spearman's  ρ=0.50,  P<0.05),  whereas  the
non-clade-specific  (aggregated)  index  did  not
(ρ=0.32, P=0.12).

Conclusion:  This  framework  effectively  captures
the structural shift in the sources of mpox importation
risk and the regional heterogeneity in risk levels across
PLADs  in  China.  It  thereby  provides  a  risk-driven
decision-support  framework  for  prioritizing  port-of-
entry  screening  and  tailoring  surveillance  strategies  to
high-risk areas. 

 

Globalization  continues  to  raise  the  risk  of  cross-
border  infectious  disease  transmission  (1).  Since  its
discovery  in  1958  (2),  monkeypox  (mpox)  was  long
confined to Central  and West Africa.  It  has two main
clades:  Clade I,  prevalent  in  Central  African countries
like  the  Democratic  Republic  of  the  Congo  (DR
Congo),  and  Clade  II,  predominantly  circulating  in
West  African  nations  such  as  Nigeria  and  Ghana
(3–4).  In  May  2022,  Clade  IIb  sparked  a  global
outbreak  (5),  prompting  the  World  Health
Organization  (WHO)  to  declare  a  Public  Health
Emergency of International Concern (PHEIC) in July
2022  (6);  that  PHEIC  ended  in  May  2023  (7).
However,  surging  Clade  I  outbreaks  in  Central  Africa
led  the  WHO to  declare  a  second  PHEIC  in  August
2024 (8).

Existing  frameworks  for  assessing  infectious  disease
importation  risk,  such  as  those  developed  for
coronavirus  disease  2019  (COVID-19),  dengue,  and
rabies,  rely  on  aggregated  case  reports  and  travel  flow
data, not lineage- or clade-specific information (9–12).
While useful for broad surveillance, they fail to capture
how  viral  evolution  (e.g.,  more  transmissible  or
immune-evasive  sub-lineages)  changes  importation
risk.  A  few  recent  studies  have  begun  incorporating
variant  data  (13),  but  no  standardized,  quantitative,
and  operationally  scalable  framework  for  assessing  the
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importation risk of specific viral lineages or clades. To
address  this,  we  developed  a  modular,  extensible
framework  that  explicitly  incorporates  lineage-related
characteristics  into  cross-border  transmission  risk
estimation.  Through  disease-specific  parameterization,
this  framework  has  potential  applicability  to  various
infectious  diseases.  Taking  mpox  as  a  case  study,  we
applied  it  to  three  scenarios:  Clade  I,  Clade  II,  and  a
non-clade-specific  aggregated  scenario.  Leveraging
multi-source  authoritative  data  from  May  2022  to
September  2025,  we  conducted  a  systematic  analysis
on the spatiotemporal evolution of primary risk-source
countries across three phases (first wave, inter-epidemic
interval, second wave) and the dynamic distribution of
risk  levels  across  31  provincial-level  administrative
divisions  (PLADs)  in  the  mainland  of  China.
Additionally,  correlations  between  clade-specific  risk
indices and reported case counts were evaluated. 

METHODS
 

Selection of Risk-associated Indicators
and Data Processing

Key risk-associated indicators  were  selected through
the  Delphi  method  and  expert  consultation  (see  the
"Selection  of  Risk-Associated  Indicators  and  Data
Collection"  section  of  the  Supplementary  Material,
available  at  https://weekly.chinacdc.cn/).  Twenty
experts participated: 10 in Microbiology and Biosafety,
8 in Epidemiology, and 2 in Health Management. All
held  at  least  an  associate  senior  professional  title,  had
expertise in public health, infectious disease prevention
and  control,  epidemiology,  virology,  or  biosafety,  and
completed  both  Delphi  rounds  (demographics  in
Supplementary  Table  S1,  available  at  https://weekly.
chinacdc.cn/).  System  consistency  was  assessed  using
mean,  authority  coefficient,  coefficient  of  variation
(CV),  and  Kendall  coordination  coefficient  (Kendall's
W).  The  Analytic  Hierarchy  Process  (AHP)  was
applied  to  determine  the  weights  of  the  selected
indicators.

We  systematically  collected  data  on  risk-associated
indicators  from  multiple  sources,  including:  public
health  system  capacity  and  socioeconomic  factors
(2019);  Global  Health  Security  Index  (GHSI,  2021);
air  passenger  flows  (study  period),  epidemiological
characteristics  of  infectious  diseases  (2024),  and
geographic proximity from 206 countries or territories
to  31  PLADs  in  China  (time-invariant).  All
quantitative indicators were standardized to 1‒5 scores

based  on  percentile  rank  for  quantitative  one  and
predefined  criteria  (disease  characteristics,  historical
importation  patterns,  and  geographic  proximity)  for
qualitative  ones.  Full  details  including  definitions,
ranges,  scoring  methodologies,  and  data  sources  are
provided in Supplementary Material (see "Selection of
Risk-Associated  Indicators  and  Data  Collection"
section). 

Development of the Risk Assessment
Framework

Considering  the  reliability  of  epidemic  data  from
source countries and the representativeness of air-travel
entry modes, an automated framework for assessing the
importation  risk  of  infectious  diseases  was  developed,
incorporating  an  incidence  adjustment  coefficient  (S)
and a connectivity index (C). To facilitate its practical
application,  the  framework  has  been  deployed  on  an
infectious  disease  surveillance  and  early  warning
information  system  platform,  enabling  the  automated
calculations  of  weekly  provincial  risk  indices  from
standardized data sources (details in the Supplementary
Material). The risk index for month "a" (ITa) is:

ITa = [ln (N) × S + ] × C (1)
Where N  represents  the  number  of  newly  reported

cases  in  month  "a",  S  indicates  the  adjustment
coefficient  of  the  incidence  rate,  derived  from  14
weighted indicators: 5 on source-country public health
capacity  (F1–F5,  such  as  universal  health  coverage,
public health budget, health workforce, etc.) and 9 on
disease  biology  (F6–F14,  such  as  symptom  typicality,
fatality rate, incubation period, etc.) affecting both the
pathogen's  international  transmission  potential  and
clinical  detectability.  There  is  no  potential  overlap  or
double-counting of information between S and N. We
apply the form ln(N)×S to adjust observed case counts
and  better  estimate  cross-border  importation  risk.  C
quantifies the connectivity between the source country
and  31  PLADs  in  the  mainland  of  China,  calculated
from eight  indicators  (F15  to F22)  using  their  weights
and scores.  The details  on the calculations of S and C
are  given  in  the  "Development  of  the  risk  assessment
framework"  and  "Details  of  the  Framework
Development" sections in the Supplementary Material.
In primary analysis, months with zero cases (N=0) were
excluded  to  avoid  undefined  ln(N);  in  sensitivity
analysis, we used ln(N+1) to retain all observations.

Although  demonstrated  here  with  mpox,  this
modular framework can be adapted to other infectious
diseases  by  re-scoring  the  S-module  indicators
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according to their epidemiological characteristics. 

Risk Assessment and Correlation Analysis
This  study formulated three risk scenarios  based on

clade-specific  geographical  distributions:  Clade  I  (17
African  countries  with  Clade  I  circulation),  Clade  II
(African  countries  with  Clade  II  circulation  plus  all
non-African  countries,  considering  that  most  non-
African  cases  were  Clade  IIb),  and  non-clade-specific
(aggregated). Using WHO's monthly global mpox case
data  (May  2022–September  2025)  and  international
air  passenger  data  (2022–2023),  the  monthly
importation risk indices for 31 PLADs were calculated.
The  identical  formula  was  used  across  all  scenarios.
Besides defining the source-country scope based on the
known  geographical  distribution  of  each  clade  to
produce  separate  risk  estimate  for  each  scenario,  we
also  assigned  clade-specific  values  to  the  adjustment
coefficient  (S)  to  reflect  clinical  differences,  primarily
in  the  "common  symptoms"  indicator  (F6):  Clade  I
scored 1 (systemic symptoms like high fever); Clade II
scored  3  (easily  recognizable  symptoms  like  low-grade
fever  and  localized  rash).  This  approach  ensures  that
each  risk  index  accurately  reflects  the  specific
epidemiological  and  connectivity  characteristics  of  its
clade or scenario.

The study covered three phases: the first wave (May
2022–May  2023),  inter-epidemic  interval  (June
2023–July  2024),  and  the  second  wave  (August
2024–September  2025).  For  Clade  I,  the  temporal
trends in risk contributions from all 17 African source
countries  were  tracked across  phases;  for  Clade II  and
non-clade-specific  scenarios,  the  top  20  source
countries by cumulative risk were presented. Provincial
risk  indices  were  categorized  into  five  levels  using
quintiles.  Confirmed  mpox  case  data  in  China  from
September  2023  to  September  2025  were  obtained
from  China  CDC.  Validation  used  two
complementary  approaches:  1)  Spearman  correlation
between reported case counts and monthly cumulative
risk  (Clade  II  and  non-clade-specific  scenarios);  2)
qualitative  spatial  validation  for  Clade  I,  checking
whether  the  PLADs  with  confirmed  Clade  I
importations  (Zhejiang  and  Shandong)  (14–15)
aligned  with  "extremely  high"  risk  classifications.  All
analyses  used SPSSAU (version 24.0;  SPSSAU Project
Team,  Chongqing,  China)  and  R  (version  4.3.1;  R
Foundation  for  Statistical  Computing,  Vienna,
Austria). 

RESULTS
 

Risk-associated Indicators
Both  consultation  rounds  achieved  a  100%  expert

response  rate.  Based  on  expert  feedback  and  group
discussions,  we  developed  an  infectious  disease
importation  risk  assessment  system  comprising  2
primary,  4  secondary,  and  22  tertiary  indicators.  The
primary indicator X1 (epidemic situation in the source
country)  includes  the  epidemic  detection  capability
(X1_1,  F1–F5)  and  disease  characteristics  (X1_2,
F6–F14).  The  primary  indicator  X2  (connectivity
between  source  country  and  destination  PLAD)
includes  the  probability  of  importation  from  abroad
(X2_1,  F15–F20)  and  socioeconomic  interactions
(X2_2,  F21–F22).  The  indicator  importance  rated  by
each  expert  are  presented  in  detail  in  Supplementary
Table  S2  (available  at  https://weekly.chinacdc.cn/).
The  mean  importance  scores  ranged  from  3.650  to
4.950;  coefficients  of  variation  from  0.045  to  0.324;
authority  coefficients  from  0.763  to  0.895.  The
Kendall’s  W  was  0.443  (P<0.05),  suggesting  that  the
consultation  results  are  reliable.  The  full  statistics
(mean,  standard  deviation,  CV,  authority  coefficient)
are  summarized  in Supplementary  Table  S3  (available
at  https://weekly.chinacdc.cn/).  Details  of  the
framework  development  can  be  found  in  the
Supplementary  Material.  All  secondary  and  tertiary
indicator weights (Table 1) passed the consistency test
[consistency ratio (CR)<0.1]. 

Risk Assessment
Clades show distinct imported risk source structures

(Figure  1).  In  Clade  I,  dominant  source  countries
shifted  over  time  (Figure  1A).  During  the  first  wave,
the  Central  African  Republic,  the  DR  Congo,  and
Sudan were primary contributors. The Central African
Republic  dominated  in  the  early  stage,  then  the  DR
Congo's  contribution  rose  steadily.  During  the  inter-
epidemic  interval,  the  DR  Congo  dominated  almost
exclusively,  while  contributions  from  other  African
countries  decreased  substantially.  By  the  second wave,
multi-center  pattern  emerged,  with  the  DR  Congo,
Uganda,  and  Burundi  led,  while  Kenya,  Rwanda,
Tanzania, and others also contributed significantly. For
Clade  II  (Figure  1B),  the  United  States  remained  a
major  risk  source  throughout  all  three  phases.  In  the
first  wave,  the  primary  contributors  were  the  United
States,  Spain,  and  Nigeria.  During  the  inter-epidemic
interval,  Nigeria's  contribution  declined  substantially,
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and  Thailand,  Republic  of  Korea,  and  Vietnam
emerged  as  primary  sources.  In  the  second  wave,
Nigeria  rebounded,  Thailand  maintained  high-risk,
and the Philippines showed a notable rise. In the non-
clade-specific  scenario,  the  United  States,  Thailand,
and  the  DR  Congo  were  the  primary  risk  sources
across  different  phases,  with  shifting  relative
contributions  over  time  (Supplementary  Figure  S1,

available at https://weekly.chinacdc.cn/).
The  risk  of  mpox  importation  into  China  exhibits

significant spatiotemporal heterogeneity (Figure 2). For
Clade  I,  cumulative  risk  increased  gradually  across
three  phases  (range:  0–5  to  2–39)  (Figure  2A).  For
Clade  II,  risk  was  higher  during  the  first  and  second
waves  (range:  2–177  and  4–118,  respectively),  and
dropped  to  2–97  during  the  inter-epidemic  interval

 

TABLE 1. Indicator weight distribution and testing.
First level indicator Second level indicator Weights Third level indicator Weights Consistency check

Epidemic situation in the
source country (X1)

Epidemic detection
capability of source
country (X1_1)

0.667

Effective universal health
coverage in source country (F1)

0.095

CI=0.043
CR=0.038
λmax=5.172

Public health budget of source
country (F2)

0.126

Health workforce in source
country (F3)

0.239

Pathogen diagnostic technology
(F4)

0.474

Global health security index (F5) 0.069

Disease characteristics
(X1_2) 0.333

Common symptom (F6) 0.035

CI=0.049
CR=0.033
λmax=9.388

Case fatality rate (F7) 0.135

Herd susceptibility (F8) 0.253

Incubation period (F9) 0.111

Infectiousness during incubation
period (F10)

0.185

Communicable period (F11) 0.084

Classification of notifiable
infectious disease (F12)

0.041

Classification of emerging
infectious disease (F13)

0.050

Main routes of disease
transmission (F14)

0.106

Degree of connectivity
between the source

country and the PLAD in
China (X2)

Probability of importation
from abroad (X2_1) 0.750

Number of seats on flights from
source country to the local area

(F15)
0.355

CI=0.031
CR=0.024
λmax=6.153

Population migration index of the
source country (F16)

0.117

History of similar disease
importation from source country

(F17)
0.158

Geographical location of the
source country (F18)

0.062

Quantity of inbound overnight
tourists received locally (F19)

0.084

Flight frequency from the source
country to the local area (F20)

0.223

Socioeconomic
interactions (X2_2) 0.250

Value of local imports and exports
(F21)

0.333 CI=0
CR=0
λmax=2Local international tourism

revenue (F22)
0.667

Note: The second level indicators under both primary indicators (X1 and X2) passed the consistency check (CI=0, CR=0, λmax=2).
Abbreviation: CI=consistency index; CR=consistency ratio; λmax=maximum eigenvalue of the judgment matrix.
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FIGURE 1. Clade-specific composition of source countries contributing to the risk of mpox importation across the three study
phases. (A) Clade I: the proportions are calculated based on all identified source countries. (B) Clade II: the proportions are
derived from the highest 10% of importation risk observations to highlight major source countries.
Abbreviation: mpox=monkeypox.
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(Figure  2B).  Although  overall  provincial  importation
risk  follows  an  "east-high,  west-low"  pattern,  clade-
stratified  risks  differ  markedly  in  key  PLADs.  For

instance,  Shandong  Province  maintained  extremely
high-risk  under  Clade  I  but  low-risk  under  Clade  II,
likely  reflecting  its  role  as  a  major  maritime  and  air
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FIGURE 2. Importation risk of  two mpox virus clades across 31 provincial-level  administrative divisions (PLADs) in  China.
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countries, resulting in temporal gaps in the Clade I time series.
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gateway linking China with Africa. Conversely, Fujian
Province consistently ranked as an extremely high-risk
PLAD  for  Clade  II,  which  is  consistent  with  its
extensive  air  links  to  Southeast  Asia  and  other  non-
African countries that are the primary source regions of
Clade  II.  Sichuan  Province  showed  clade-dependent
risk  dynamics:  high  risk  only  during  Clade  I’s  second
wave,  but  persistently  high  during  both  the  inter-
epidemic interval  and second wave of  Clade II.  These
patterns reveal that PLAD-level risk profiles arise from
the  interaction  between  each  clade’s  geographical
distribution  and  local  international  connectivity.  As
shown  in  Supplementary  Table  S4  (available
athttps://weekly.chinacdc.cn/),  the  socio-geographic-
mobility  conditions  (A)  were  the  most  important
factors for nearly all country-PLAD pairs among Clade
I source countries. In contrast, air travel conditions (F)
dominated  for  high-risk  PLADs  (e.g.,  Shanghai,
Guangdong,  and  Fujian)  linked  to  major  Clade  II
sources,  particularly  Thailand,  the  United  States,  the
United  Kingdom,  and  Australia.  Provincial  risk
rankings  in  the  non-clade-specific  scenario  generally
resembled those in the Clade II scenario, but high-risk
PLADs  in  Clade  I  (e.g.,  Shandong,  Hubei)  were
significantly  underestimated  (Supplementary
Figure S2, available at https://weekly.chinacdc.cn/).
 

Correlation Analysis
Time-series  analysis  revealed  a  significant  positive

correlation between national mpox case counts and the
Clade  II-specific  importation  risk  index  (ρ=0.50,
P<0.05),  but  not  for  the  non-clade-specific
(aggregated)  risk  index  (ρ=0.32, P=0.12)  (Figure  3).
Notably,  Zhejiang  and  Shandong  provinces,  both
reporting  primary  Clade  I  imported  cases,  were
consistently  assessed  as  having  extremely  high  Clade  I
importation  risk  throughout  the  study  period.
Sensitivity  analysis  using  ln(N+1)  instead  of  ln(N)
yielded  near-identical  risk  estimates  (Clade  II:
ρ=0.993;  Clade  I:  ρ=0.995;  both  P<0.001),
indicating  the  robustness  of  this  risk  assessment
framework. 

DISCUSSION

This  study  introduces  the  two  predominant  mpox
virus  clades  into  the  importation  risk  assessment
framework,  revealing  distinct  risk  patterns  between
Clade I and Clade II. For Clade I, risk sources shifted
from  the  Central  African  Republic  (first  wave)  to  a
multi-center pattern in the second wave, led by the DR
Congo,  Uganda,  and  Burundi.  For  Clade  II,  the
United  States  remained  a  consistently  major  source
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throughout  all  phases,  but  during  the  inter-epidemic
interval,  risk  sources  shifted  toward  Asian  countries,
particularly  Thailand,  Republic  of  Korea,  and
Vietnam.  These  dynamics  align  with  the  global
epidemiological  patterns  documented  by  Cevik  et al.
They reported intensified Clade I outbreaks in Central
Africa  and  the  continued  low-level  Clade  IIb
circulation in non-endemic regions (16). The observed
shift  of  Clade  II  risk  sources  towards  Southeast  Asia
during  the  inter-epidemic  interval  is  consistent  with
the  regional  surveillance  data,  which  indicates
sustained  transmission  in  Thailand  and  neighboring
countries (17).

Shandong  Province  had  consistently  very  high
importation  risk  under  Clade  I  throughout  all  three
phases,  but  low  risk  under  Clade  II.  Fujian  Province
exhibited  the  opposite  pattern.  Non-clade-specific
analysis  substantially  underestimated  these  differences,
highlighting  fundamental  differences  in  geographical
distribution  and  transmission  dynamics  between  the
two  clades,  as  emphasized  by  Srivastava  et al.,  and
underscoring  the  need  for  clade-specific  surveillance
(3).

Clade  II’s  risk  index  exhibited  a  statistically
significant, moderate positive correlation with reported
case counts (ρ=0.50, P<0.05), whereas the non-clade-
specific  aggregated  index  did  not  (ρ=0.32,  P=0.12).
This  indicates  that  almost  all  mpox  cases  in  China
during 2023–2025 belonged to Clade IIb, except for a
few  in  Shandong,  Zhejiang,  and  Beijing  (14–15,18).
This  is  consistent  with  Clade  IIb's  global  dominance
outside  Africa  since  2022  (19).  Thus,  overseas
importation risk is  a  crucial  factor  contributing to the
observed  domestic  epidemic  pattern.  Factor
decomposition  analysis  (Supplementary  Table  S4)
further  revealed  that  the  spatial  heterogeneity  in
provincial  risk  is  shaped  by  different  factors  across
clades:  for  Clade  I,  socio-geographic-mobility
conditions  (A)  dominate  due  to  minimal  direct  air
links  from  African  source  countries;  for  Clade  II,  air
travel conditions (F) serve as the most important factor
for  high-risk  PLADs  with  direct  flights  from  major
source countries (e.g., Thailand, the United States, and
Australia),  while  A  remains  dominant  where  such
flights  are  limited.  Temporal  variation  in  risk  ranking
stems mainly from changes in source-country epidemic
magnitude  (N),  accounting  for  the  evolving
contributions  of  different  countries  across  the  three
study phases (Figure 1). In addition to the quantitative
correlation,  the  spatial  risk  classifications  of  the
framework are further supported by real-world events.

During  the  study  period,  Zhejiang  and  Shandong
provinces  had  documented  Clade  I  importation  cases
(14–15),  which  were  consistently  classified  in  the
highest  risk  quintile  by  the  framework  throughout  all
three phases, providing preliminary directional support
for the framework’s discriminative capacity under data-
scarce conditions.

In  comparison  with  existing  frameworks,  this  study
offers  three  potential  improvements  over  previous
approaches.  Travel-volume-based  models  applied  to
COVID-19  and  dengue  estimate  risk  solely  from  air
flows  and  source-country  incidence,  without
considering  detection  capability  or  disease
characteristics  (9–10,20).  AHP-based  frameworks
assess  regional  vulnerability  in  China,  but  concentrate
on  domestic  transmission,  not  cross-border
importation  (21).  The  current  framework  integrates
both the epidemic characteristics of the source country
and  the  connectivity  of  the  destination  PLAD  into  a
unified index, introduces clade-stratified differentiation
to  capture  the  divergent  geographical  footprints  of
pathogens, and provides provincial risk rankings across
all  31  PLADs  in  China  to  guide  the  prioritization  of
resources  at  ports  of  entry.  These  findings  have
significant  implications  for  public  health.  First,  the
framework  supports  regionally  tailored  surveillance
strategies with scientific evidence. Second, the dynamic
monitoring  of  the  contributions  from  risk  source
countries  allows  for  the  timely  adjustment  to  border
screening  and  control  measures  as  global  outbreaks
evolve. Third, the recent Clade Ib cluster in Yiwu City
of  Zhejiang  Province  demonstrates  that  international
trade  hubs  remain  vulnerable  to  rapid  local
transmission,  highlighting  the  necessity  for  enhanced
inbound  surveillance  targeting  travelers  from  high-
prevalence  regions  (15).  China's  comprehensive
intervention  framework,  including  early  surveillance,
mandatory  case  reporting,  and  timely  treatment,  has
proven to be effective in containing imported cases and
preventing community transmission (22).

This  study  has  two  main  limitations.  First,  the
China CDC reported imported and locally transmitted
cases  together,  not  separately.  Since  our  risk  index
estimates  only  importation  risk,  secondary  cases  likely
weakened the observed correlation, particularly during
the  second  wave,  when  local  clusters  were  more
prevalent.  This  may  partly  account  for  the  moderate
magnitude  of  the  Clade  II  correlation  coefficient
(ρ=0.50),  despite  its  statistical  significance.
Nevertheless,  the  association  indicates  that  the  risk
index captures meaningful spatiotemporal variability in
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the  early  importation  dynamics,  which  holds  practical
value  for  identifying  PLADs  that  require  intensified
border  screening  and  rapid-response  preparedness.
Second, in order to approximate the global distribution
of Clade II, it was assumed that all mpox cases reported
to  WHO  from  non-African  countries  belonged  to
Clade  II.  While  this  assumption  largely  aligns  with
current epidemiological evidence, given that Clade IIb
has dominated transmission outside Africa since 2022,
it  may  overlook  rare,  undetected  Clade  I  cases,
potentially  introducing  misclassification  bias.  Future
research could integrate multimodal traffic flow, social
media  sentiment,  and  environmental  wastewater
monitoring  data,  and  extend  the  scope  to  other
imported diseases. 
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SUPPLEMENTARY MATERIALS
 

Selection of Risk-Associated Indicators and Data Collection
Details  of  the  indicator  selection:  In  the  first  round  of  the  questionnaire,  the  total  weight  of  the  secondary

indicators  under  each  primary  indicator  and  the  total  weight  of  the  tertiary  indicators  under  each  secondary
indicator were 1,000. Experts assigned weights to the secondary and tertiary indicators in the system. Indicators that
were assigned zero weight by two or more experts, as well as meaningless indicators, were not included in the second
round  of  the  questionnaire.  Indicators  considered  meaningful  by  the  experts  (which  were  both  accessible  and
quantifiable) were added on this  basis.  In the second round of the questionnaire,  experts  assessed the importance,
basis of judgment, and familiarity of all indicators. Any suggestion to delete an indicator was discussed in depth to
decide whether to retain it.

Specific  details  of  data  collection  are  as  follows:  Data  on  the  public  health  systems  of  various  countries  and
territories were gathered from the Global Burden of Disease (GBD) database and the Global Health Security Index
(GHSI) databases. These data encompassed the following indicators: effective universal health coverage (F1), public
health  budget  (F2),  and  health  workforce  (F3,  sourced  from  the  GBD  database),  as  well  as  the  Global  Health
Security  Index (F5,  sourced from the GHSI database). F1, F2, F3,  and F5 were  scored using an inverse  percentile
rank: countries in the 81–100th percentile received a score of 1, and those in the 0–20th percentile received a score
of 5, reflecting that stronger public health capacity leads to better case detection and lower underreporting risk. This
system incorporates  indicator  data  from 207 countries  and territories.  For  the  few territories  with  missing  data,  a
score  of  3  was  used  as  a  supplement.  Data  were  missing  for  3  countries  in  the  4  indicators  of  effective  universal
health coverage in the source country,  public health budget in the source country,  health workforce in the source
country, and population migration index in the source country, and for 12 countries in the Global Health Security
Index, and a score of 3 was used in this study as a proxy score for the missing values. This score represents ‘neutral’
or  ‘uncertain’  status  to  avoid  bias  in  scoring  due  to  missing  data  and  to  ensure  comparability  of  scores  across
countries.

Population movement data are sourced from the Official Aviation Guide (OAG) and the GBD database. These
datasets encompass several key indicators, including the number of seats on flights from the source country to the
destination region (F15), flight frequency from the source country to the destination region (F20, both sourced from
OAG database), and the population migration index of the source country (F16, sourced from the GBD database).
 

SUPPLEMENTARY TABLE S1. Experts’ demographic information.
Characteristics Demographics Count

Gender
Male 16

Female 4

Age (years)

0–44 8

45–54 10

55–64 2

Primary responsibility

Teaching & Research 16

Clinical work 1

Administrative management 1

Other 2

Title of the job
Professor 13

Associate professor 7

Education level
Doctoral/PhD 19

Master 1

Professional field

Microbiology and Biosafety 10

Epidemiology 8

Health management 2
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Socioeconomic data were obtained from the China Statistical Yearbooks Database (CSYD), and indicators included
the  number  of  inbound  travelers  to  PLADs  in  China  (F19),  value  of  local  imports  and  exports  (F21),  and  local
international  tourism  revenue  (F22).  The  scoring  methodology  for  population  movement  and  socioeconomic
indicators  (F15, F16, F19, F20, F21, F22)  followed  a  positive  percentile  rank:  countries  or  PLADs  in  the  0–20th
percentile receive a score of 1, and those in the 81–100th percentile received a score of 5.

In the risk assessment framework, a historical disease importation indicator (F17) was developed for each source
country-disease-PLAD  combination,  based  on  the  recorded  number  of  similar  infectious  disease  cases  imported
from source countries to destination PLADs between 2014 and 2015, as reported by the General Administration of
Customs  of  China  (GACC)  and  China  CDC.  The  scoring  rules  are  based  on  the  frequency  and  magnitude  of
historical  imports;  if  there  are  no  records  of  imports  for  certain  diseases,  imports  of  diseases  with  the  same
transmission routes are taken into account, and additionally importation events with more than 10 cases in a two-
year  period are  defined as  "large-scale",  otherwise  they  are  considered as  "small-scale".  Specifically:  a  score  of  1  is
assigned if  there  is  no  record  of  similar  disease  importation;  a  score  of  2  is  given for  small-scale  importation of  a
similar disease but no record of this disease; a score of 3 for multiple or large-scale imports of a similar disease but no
record of this disease; and a score of 4 for small-scale import record of the disease; records of multiple or large-scale
importation of the disease were 5 points.

Furthermore,  disease-related  characteristic  data  were  obtained  for  each  recorded  infectious  disease  from

 

SUPPLEMENTARY TABLE S2. The importance scoring by each expert for each indicator.
Indicator A B C D E F G H I J K L M N O P Q R S T

X1_1 4 5 5 4 4 5 5 4 5 5 5 5 4 5 5 5 5 5 5 5

X1_2 4 5 5 5 5 5 4 4 5 5 5 4 4 4 5 5 5 5 5 4

X2_1 3 5 5 5 5 5 5 5 5 5 5 5 4 4 5 3 5 5 5 4

X2_2 4 5 5 4 4 3 3 4 4 5 4 4 5 3 5 4 4 4 5 5

F1 2 5 5 4 4 4 3 4 5 5 4 4 4 3 5 4 3 4 5 3

F2 3 4 5 5 4 3 4 3 4 5 3 4 4 3 5 4 4 5 5 4

F3 4 5 5 5 4 4 4 3 5 5 4 4 4 3 5 4 5 5 5 4

F4 5 5 5 4 5 5 5 5 5 5 5 5 4 4 5 5 5 5 5 4

F5 2 4 5 3 5 4 5 3 4 3 4 3 4 4 5 3 4 5 5 3

F6 2 5 5 5 4 4 4 4 5 5 3 3 4 3 5 3 4 5 5 4

F7 5 5 5 5 4 5 5 5 5 5 5 5 5 4 5 2 5 5 5 3

F8 5 5 5 5 4 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5

F9 3 5 5 5 5 4 5 5 5 5 5 5 4 4 5 4 4 5 5 4

F10 4 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 3

F11 3 5 5 5 5 5 4 5 5 5 5 4 4 4 5 5 4 5 5 3

F12 2 4 5 4 4 4 3 4 4 5 4 4 4 5 5 4 4 5 5 4

F13 2 5 5 4 4 4 3 4 4 5 4 4 4 5 5 4 4 5 5 5

F14 2 5 5 5 5 5 5 5 5 5 5 4 5 4 5 4 4 5 5 4

F15 3 5 5 5 4 3 4 4 4 5 4 5 4 4 5 4 5 5 5 4

F16 4 5 5 5 5 4 4 5 5 5 5 4 4 4 5 4 5 5 5 3

F17 4 5 5 4 4 3 4 3 5 5 4 3 4 3 5 3 4 5 5 4

F18 3 5 5 4 5 3 3 3 5 5 4 4 4 5 5 2 5 5 5 3

F19 2 4 5 3 4 5 4 2 4 4 4 3 4 3 5 3 3 5 5 5

F20 2 5 5 5 3 4 3 3 4 5 4 3 4 4 5 4 4 4 5 4

F21 3 4 5 4 4 1 5 3 5 5 3 3 3 2 5 2 4 4 5 3

F22 3 5 5 3 4 3 5 3 5 5 4 4 4 3 5 2 3 4 5 2
Note: Importance scores were defined as follows: 1 indicates very unimportant; 2 indicates unimportant; 3 indicates moderately importance;
4 indicates important; 5 indicates very important. Experts are denoted by letters A–T.
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authoritative sources including the Global Infectious Diseases and Epidemiology Network (GIDEON), WHO, and
China  CDC.  These  data  encompassed  the  following  indicators:  pathogen  diagnostic  technology,  common
symptom,  case  fatality  rate,  herd  susceptibility,  incubation  period,  infectiousness  during  incubation  period,
communicable  period,  and  the  main  routes  of  disease  transmission,  classification  of  infectious  diseases.  Scoring
criteria  for  these  indicators  were  predefined  as  follows.  Pathogen  diagnostic  technology  (F4):  score  1  if  mature
diagnostic  techniques  are  available;  score  2  if  established  but  unverified;  score  3  if  techniques  exist  for  similar
pathogens only; score 4 if no techniques exist for similar pathogens; score 5 if the etiology is unknown. Common
symptom (F6): score 1 if high fever and widespread rash are present; score 3 if low-grade fever and localized rash are
present; score 5 if fever and rash are absent. Case fatality rate (F7): score 5 if <1%; score 3.75 if 1%–10%; score 2.5
if 10%–30%; score 1.25 if >30%. Herd susceptibility (F8): score 1 if a limited population with high herd immunity;
score  2  if  a  widespread  population  with  high  herd  immunity;  score  3  if  generally  susceptible  with  high  herd
immunity,  or  a  limited  population  with  low  herd  immunity;  score  4  if  a  widespread  population  with  low  herd
immunity;  score  5  if  generally  susceptible  with  low  herd  immunity.  Incubation  period  (F9)  and  communicable
period (F11): score 1.25 if <3 days; score 2.5 if 3–7 days; score 3.75 if 7–14 days; score 5 if >14 days or uncertain.
Infectiousness during incubation period (F10): score 1 if no infectivity; score 3 if weak infectivity; score 5 if strong
infectivity or uncertain. Notifiable disease classification (F12): score 1 if Class A; score 3 if Class B; score 5 if Class C
or other. Emerging disease classification (F13): score 1 if not newly emerging in China; score 3 if newly emerging in

 

SUPPLEMENTARY  TABLE S3. Mean  value,  standard  deviation,  coefficient  of  variation,  and  authority  coefficient  of
importance scores for each indicator.

Indicator Mean value Standard deviation Coefficient of variation Authority coefficient

X1_1 4.750 0.444 0.094 0.884

X1_2 4.650 0.489 0.105 0.881

X2_1 4.650 0.671 0.144 0.870

X2_2 4.200 0.696 0.166 0.816

F1 4.000 0.858 0.215 0.823

F2 4.050 0.759 0.187 0.816

F3 4.350 0.671 0.154 0.823

F4 4.800 0.410 0.085 0.886

F5 3.900 0.912 0.234 0.800

F6 4.100 0.912 0.222 0.853

F7 4.650 0.813 0.175 0.894

F8 4.950 0.224 0.045 0.895

F9 4.600 0.598 0.130 0.893

F10 4.850 0.489 0.101 0.891

F11 4.550 0.686 0.151 0.876

F12 4.150 0.745 0.180 0.864

F13 4.250 0.786 0.185 0.868

F14 4.600 0.754 0.164 0.894

F15 4.550 0.605 0.133 0.834

F16 4.100 0.788 0.192 0.803

F17 4.150 0.988 0.238 0.843

F18 3.850 0.988 0.257 0.813

F19 4.000 0.858 0.215 0.788

F20 4.350 0.670 0.150 0.820

F21 3.650 1.182 0.324 0.763

F22 3.850 1.040 0.270 0.781
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China; score 5 if newly emerging globally. Main transmission routes (F14): score 1 for surface contact-borne; score 2
for bloodborne/sexually transmitted; score 3 for vector-borne; score 4 for gastrointestinal; score 5 for respiratory.

Geographic  data  were obtained from the Ministry  of  Natural  Resources  of  the People’s  Republic  of  China and
include indicators of the geographical location of the source country (F18). Data were processed on a scale of 1 to 5
depending on the geographical proximity of the source country to China, far away from China (1.25); not sharing a
land  border  with  China  but  facing  each  other  across  the  sea  (2.5);  not  sharing  a  land  border  with  China  but
coexisting on the same landmass (3.75); sharing a land border with China (5).
 

Development of the Risk Assessment Framework
Incidence rate correction coefficient (S): Given the potential for underreporting of infectious disease cases in the

source  country,  it  is  deemed necessary  to  correct  the incidence rate  using the incidence rate  correction coefficient

 

SUPPLEMENTARY TABLE S4. The most important factor driving these spatial and temporal variations of the risk index of
the  cross-border  transmission  of  mpox  (PLADs  with  top  five  cumulative  risk),  stratified  by  clades  (May  2022‒September
2025).

Clade Source
country Cumulative ITa

The most
important

factor/PLAD1

The most
important

factor/PLAD2

The most
important

factor/PLAD3

The most
important

factor/PLAD4

The most
important

factor/PLAD5

Clade I

Democratic
Republic of
the Congo

2,329.7 Shanghai (A) Guangdong (A) Shandong (A) Jiangsu (A) Beijing (A)

Uganda 1,203.8 Shanghai (A) Zhejiang (A) Hubei (A) Guangdong (A) Shandong (A)

Burundi 842.9 Shanghai (A) Guangdong (A) Shandong (A) Jiangsu (A) Beijing (A)
Central
African
Republic

660 Shanghai (A) Guangdong (A) Shandong (A) Jiangsu (A) Beijing (A)

Congo 526.6 Zhejiang (A) Shanghai (A) Guangdong (A) Shandong (A) Jiangsu (A)

Kenya 497 Guangdong (F) Sichuan (F) Shandong (A) Hunan (A) Shanghai (A)

Rwanda 445.9 Shanghai (A) Guangdong (A) Shandong (A) Jiangsu (A) Beijing (A)
United

Republic of
Tanzania

381.9 Guangdong (A) Shanghai (A) Shandong (A) Beijing (A) Jiangsu (A)

Zambia 328.6 Shandong (A) Zhejiang (A) Shanghai (A) Guangdong (A) Jiangsu (A)

South Sudan 201.7 Shanghai (A) Guangdong (A) Shandong (A) Jiangsu (A) Beijing (A)

Clade II

Thailand 2,405.1 Shanghai (F) Beijing (F) Zhejiang (F) Yunnan (F) Fujian (F)
United States
of America 2,042.5 Shanghai (F) Guangdong (F) Fujian (F) Beijing (A) Jiangsu (A)

Nigeria 1,985 Beijing (A) Guangdong (A) Shanghai (A) Shandong (A) Jiangsu (A)

Spain 1,916.5 Beijing (A) Shanghai (A) Zhejiang (A) Jiangsu (A) Chongqing (A)

Mexico 1,790 Beijing (A) Zhejiang (A) Shanghai (A) Guangdong (A) Shandong (A)

Brazil 1,696 Shanghai (A) Jiangsu (A) Chongqing (A) Guangdong (A) Shandong (A)

Colombia 1,361.1 Shanghai (A) Guangdong (A) Shandong (A) Jiangsu (A) Beijing (A)
The United
Kingdom 1,357.3 Shanghai (F) Beijing (F) Guangdong (A) Shandong (A) Shaanxi (A)

Canada 1,301.9 Shanghai (F) Guangdong (A) Fujian (A) Beijing (A) Shandong (A)

Australia 1,252.2 Guangdong (F) Shanghai (F) Fujian (F) Beijing (A) Jiangsu (A)
Note: The ITa  is a product of epidemic magnitude (ln(N+1)·S) and the composite connectivity score C (C=A+B+F). Temporal variations in
the risk contributed by each source country are primarily driven by fluctuations in N over time. Spatial variations across PLADs within the
same source country are determined by C, as ln(N+1)·S is country-specific and does not vary across provinces. The most important factor
shown in each cell refers to the largest component of C for that country–PLAD pair. B did not appear as the most important factor for any
pair due to its limited value range (0–0.25).
Abbreviation: mpox=monkeypox; ITa=risk index of cross-border transmission of infectious diseases in month a; N=number of newly reported
cases; S=adjustment coefficient of incidence rate; C=composite connectivity score; A=normalized socio-geographic and population mobility
index  of  the  destination  PLAD;  B=normalized  historical  importation  record  of  similar  infectious  diseases  from  the  source  country;
F=normalized air travel connectivity between the source country and the destination PLAD.

China CDC Weekly

S4 CCDC Weekly / Vol. 8 / No. 20 Chinese Center for Disease Control and Prevention



(S).  This coefficient is  determined by considering two factors:  the epidemic detection capability of source country
and the disease characteristics. This coefficient is calculated using 14 indicators, including effective universal health
coverage  in  source  country  (F1),  public  health  budget  of  source  country  (F2),  and  health  workforce  in  source
country (F3) among others up to F14. The specific calculation formula is as follows:

S =

∑
i=

ai × Fi × bi

ln 
(2)

Where  ai  denotes  the  weight  coefficient  of  the  secondary  indicators,  bi  denotes  the  weight  coefficient  of  the
tertiary indicators, and Fi represents the score of the tertiary indicators (on a scale from 1 to 5).

Source  country  to  importing  PLADs  connectivity  (C):  C  comprehensively  considers  aviation  data  and  other
factors potentially influencing connectivity, distinguishing between two aspects: the probability of importation from
abroad and socioeconomic interactions. Use the following three parameters to calculate C by normalizing them to
0–1: air travel conditions (F), socio-geographic-mobility conditions (A), and history of similar disease imports from
the source country (B).

A, B, and F are calculated as follows:

A,B, F =
n

∑
i=

ai × Fi × bi (3)

A is calculated based on indicators F16, F18, F19, F21 and F22; B is computed using indicator F17; F is calculated
from  indicators F15  and F20.  Where  ai  denote  the  weight  coefficient  of  the  secondary  indicators,  bi  denote  the
weight coefficient of the tertiary indicators, and Fi represent the score of the tertiary indicators (on a scale from 1 to
5).

The F normalization formula is as follows:
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SUPPLEMENTARY  FIGURE S1. Non-clade-specific  of  source  countries  contributing  to  mpox  importation  risk  across  the
three study phases.
Abbreviation: mpox=monkeypox.
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F′ =
F − Fmin

Fmax − Fmin
(4)

′ ′The same normalization method was used for A  and B .
The calculation of C is as follows:

C = A′ + B′ + F′ (5)
 

Details of the Framework Development
This  system  primarily  evaluates  the  likelihood  of  infectious  disease  importation  based  on  two  key  corrections:

adjustments for the incidence rates in source countries and adjustments for the degree of connectivity between the
source country and the PLAD in China.

Given the potential for underreporting of infectious disease cases in the source country, it is deemed necessary to
correct the incidence rate using the incidence correction coefficient (S). This incidence rate correction coefficient S
is  determined  by  considering  two  factors:  the  epidemic  detection  capability  of  source  country  and  the  disease
characteristics.

The epidemic  detection capability  of  source  country  primarily  considers  the  public  health  system of  the  source
country, including factors such as the effective universal health coverage in source country (F1), public health budget
of  source  country  (F2),  health  workforce  in  source  country  (F3),  and  pathogen  diagnosis  technology  (F4).  In  the
process  of  establishing the evaluation system and creating the first-round questionnaire,  we took into account the
average education level of the source country to demonstrate the cognitive ability of the people in the source country
with  respect  to  diseases.  Nevertheless,  the  questionnaire  feedback  indicated  that  two  experts  gave  this  indicator  a
weight  of  zero,  suggesting  that  they  regarded  it  as  either  unimportant  or  unable  to  reflect  the  intended  aspect.
Consequently,  this  indicator  was  deleted.  Moreover,  experts  proposed  adding  the  completeness  of  disease
surveillance and early warning plans, systems, and capabilities. We hold that the Global Health Security Index can
reflect  this  aspect  to  a  certain  degree.  Consequently,  the  Global  Health  Security  Index  (F5)  has  been  newly
incorporated.  The  gross  domestic  product  (GDP)  indicator  of  the  source  country  was  considered  as  potentially
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indirectly  reflecting  the  epidemic  detection  capability.  However,  in  the  second-round  questionnaire,  experts
suggested  deleting  this  indicator,  as  they  believed  it  functions  through  public  health  budgets.  We  adopted  this
suggestion.  Ultimately,  the  epidemic  detection  ability  of  the  source  country  is  represented  by  a  total  of  five
indicators, namely F1 to F5.

The characteristics of the disease considered include factors affecting detection and transmission, such as common
symptoms  (F6),  case  fatality  rate  (F7),  herd  susceptibility  (F8),  incubation  period  (F9),  infectiousness  during
incubation  period  (F10),  and  communicable  period  (F11).  Additionally,  the  severity  of  the  disease’s  impact  may
indirectly affect detection; hence, we also considered the classification of notifiable infectious disease (F12) and the
classification of emerging infectious disease (F13). When formulating the evaluation framework and developing the
initial questionnaire, the sequelae of the disease, whether it constitutes a Public Health Emergency of International
Concern (PHEIC), and whether it is listed as a priority notifiable infectious disease were also considered in assessing
the  severity  of  the  disease  impact.  However,  each  of  these  three  indicators  was  assigned  a  weight  of  zero  by  two
experts each, indicating that they deemed these indicators unimportant or not reflective. Consequently, these three
indicators  were  removed.  In  the  feedback  from  the  first-round  questionnaire,  experts  noted  that  the  mode  of
transmission  is  an  important  characteristic  of  the  disease  and  should  be  included  as  an  indicator.  Therefore,  we
added the main routes of disease transmission (F14). Ultimately, the disease characteristics are represented by a total
of nine indicators, namely F6 to F14.

The  degree  of  connectivity  between  the  source  country  and  the  PLAD in  China  determines  the  possibility  of
infectious disease  import  from another aspect.  It  consists  of  two parts:  the possibility  of  importation from abroad
and the socioeconomic interactions.

In terms of the possibility of  importation from abroad, given that air  travel  serves as  a significant mode of case
importation, we considered aviation indicators such as the number of seats on flights from the source country to the
local area (F15) and the flight frequency from the source country to the local area (F20). Additionally, we took into
account other factors, including population migration index of the source country (F16),  history of similar disease
importation from source country (F17) and quantity of inbound overnight tourists received locally (F19), to adjust
for  importation through non-aviation means.  In  establishing the  assessment  framework and developing the  initial
questionnaire,  we  also  considered  four  additional  indicators  to  correct  for  the  likelihood  of  overseas  importation:
foreign direct investment from the source country, the number of personnel sent to contracted projects in the source
country, the number of cases historically imported from the source country and the number of personnel dispatched
for  labor  cooperation  in  the  source  country.  We  believed  these  indicators  could  potentially  influence  the  risk  of
overseas importation. However, in the initial round of feedback from the questionnaire, each of these four indicators
was  assigned  a  weight  of  zero  by  at  least  two  experts,  indicating  that  they  deemed the  indicators  unimportant  or
irrelevant.  Consequently,  we  excluded  these  four  indicators  in  the  second  round  of  questionnaire.  Some  experts
suggested  that  the  geographical  location  of  the  source  country  could  influence  the  likelihood  of  overseas
importation.  Therefore,  we  added  the  geographical  location  of  the  source  country  (F18)  as  a  new  indicator.
Ultimately, the probability of importation from abroad is characterized by six indicators ranging from F15 to F20.

The  socioeconomic  interactions  component  primarily  aims  to  correct  for  importation  through  non-aviation
means by assessing the degree of closeness between the local  area and foreign regions.  We considered the value of
local imports and exports (F21) and local international tourism revenue (F22) as key indicators. In establishing the
assessment framework and developing the initial questionnaire, we also considered the number of foreign businesses
operating locally and the total  foreign investment in the local  area as indicators.  However,  four experts assigned a
weight of zero to the number of foreign businesses, and three experts did the same for the total foreign investment,
indicating  that  they  deemed  these  indicators  unimportant  or  irrelevant.  Consequently,  we  excluded  these  two
indicators in the second round of questionnaire. In the second round of feedback from the questionnaire, one expert
noted that the value of local imports and exports may not fully align with population movements. While we found
this suggestion to be valid, we decided to retain this indicator because no more suitable alternative was available, and
it  still  provides  insight  into  the  local  area's  interactions  with  foreign  regions.  Consequently,  the  socio-economic
exchanges are characterized by two indicators: F21 and F22.
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ABSTRACT

Introduction:  Monkeypox  (mpox)  is  an  emerging
infectious  disease  with  diverse  clinical  manifestations
that  complicate  early  case  identification.  Traditional
diagnostic methods relying on laboratory confirmation
may  delay  detection  during  the  early  stages  of
infection.  Clinical  free-text  data  in  electronic  medical
records (EMRs), such as chief complaints and histories
of  present  illness,  contain  valuable  information  for
early identification yet remain underutilized in routine
surveillance.  This  study  explored  an  automated
approach  to  mpox  identification  from  EMRs  using
large language models (LLMs).

Methods:  We  conducted  a  retrospective  study  of
239  individuals  —  126  laboratory-confirmed  mpox
cases  and  113  non-mpox  controls  —  from  multiple
hospitals  in  Shenzhen,  China.  Free-text  chief
complaints  and  histories  of  present  illness  were
processed  using  the  DeepSeek-R1-14B  large  language
model to extract structured clinical variables. Fourteen
clinically  relevant  features  were  selected  for  model
development.  Naïve  Bayes,  logistic  regression,  and
random forest classifiers were trained on these features,
and  a  Jieba  plus  term  frequency–inverse  document
frequency  (TF-IDF)  approach  served  as  a  baseline
comparison.  Qwen3-14B  was  also  applied  for  feature
extraction as a secondary comparison.

Results:  mpox  cases  most  frequently  presented  at
fever  clinics  (55.6%),  with  considerable  variation  in
care-seeking  patterns.  Models  using  DeepSeek-
extracted  features  outperformed  those  based  on
traditional  TF-IDF  representations  and  Qwen3-14B,
with logistic regression achieving the best performance
[area  under  the  receiver  operating  characteristic  curve
(AUROC),  0.927;  accuracy,  87.5%].  DeepSeek
demonstrated  high  accuracy  (96.1%)  in  extracting
relevant  clinical  symptoms,  including  fever,  rash,
pustules, and HIV infection.

Conclusion:  LLM-based  extraction  of  clinical

features  from routine  text  data  represents  a  promising
approach  for  automated  mpox  case  identification  and
may  support  future  intelligent  surveillance  and  early
warning systems. 

 

Monkeypox  (mpox)  is  a  zoonotic  disease  caused  by
the  monkeypox  virus,  a  member  of  the Orthopoxvirus
genus  that  also  includes  variola,  vaccinia,  and cowpox
viruses  (1).  The  disease  presents  with  heterogeneous
clinical  manifestations,  most  commonly  involving
dermatologic  and  mucocutaneous  lesions.  Early
identification  of  suspected  cases  is  critical  for  timely
isolation, epidemiologic investigation, and interruption
of transmission.

In  many clinical  settings,  mpox remains  a  relatively
low-prevalence disease, and clinicians may have limited
experience with its presentation. As a result, mpox may
not  be  considered  during  the  initial  diagnostic
evaluation, and patients may not be promptly referred
for  confirmatory  testing.  This  gap  in  early  clinical
recognition  is  particularly  concerning  given  the  high
transmissibility  of  mpox,  as  delayed  or  missed
diagnoses  can  facilitate  ongoing  transmission  and
elevate public health risks.

Current  diagnostic  practices  for  mpox  rely  on
epidemiological  exposure  assessment  and  clinical
evaluation,  followed  by  laboratory  confirmation
through nucleic acid amplification testing such as real-
time or conventional polymerase chain reaction (PCR).
Although  these  methods  provide  high  diagnostic
accuracy, laboratory confirmation typically occurs after
the  initial  clinical  encounter,  limiting  their  utility  for
early  case  detection  and  real-time  surveillance.  These
limitations  underscore  the  need  for  complementary
approaches  that  enable  earlier  identification  of
suspected mpox cases at the point of care.

Clinical narratives documented in electronic medical
record  (EMR)  systems —  including  chief  complaints,
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physical examination findings, and histories of present
illness — contain rich descriptive information that may
facilitate  earlier  recognition  of  mpox.  Ideally,  EMR
systems  could  automatically  analyze  these  narratives
and generate alerts for suspected cases.

As  an  initial  investigation,  we  evaluated  the
feasibility of automatically identifying suspected mpox
cases  using  unstructured  clinical  narratives.  We
developed  machine  learning  models  based  on  clinical
features  extracted  by  large  language  models  (LLMs).
Through  contextual  reasoning,  LLMs  can  infer  entity
boundaries, semantic categories, and attributes — such
as  symptom  presence  or  negation  —  from  free-text
clinical documentation, even without explicit  rules.  In
contrast, traditional natural language processing (NLP)
approaches,  such  as  rule-based  methods  and  bag-of-
words  models,  including  term  frequency–inverse
document  frequency  (TF-IDF)  (2),  require  extensive
manual  curation,  are  sensitive  to  linguistic  variability,
and often fail to capture complex clinical semantics. 

METHODS
 

Study Design and Data Collection
This  retrospective,  exploratory  study  used  clinical

records  routinely  collected  from  multiple  hospitals  in
Shenzhen, China.  The study included 239 individuals
— 126 laboratory-confirmed mpox cases and 113 non-
mpox  controls  —  identified  between  July  18,  2023,
and  October  18,  2025.  All  mpox  patients  met  the
diagnostic  criteria  and  had  complete  chief  complaint
and history of present illness documentation.

Controls  were  randomly  selected  from  non-mpox
patients  who  visited  the  same  clinical  department  on
the same day as  each mpox case,  ensuring comparable
clinical  context  and  healthcare-seeking  patterns.
Importantly, controls were not healthy individuals but
rather  patients  presenting  with  various  clinical
complaints,  including  dermatologic  conditions,
infectious diseases, and other non-mpox diagnoses.

Because  the  study  relied  on  free-text  clinical
narratives  for  feature  extraction,  records  with  missing
or empty chief complaint and history of present illness
fields could not be processed and were excluded. This
exclusion  resulted  in  a  slight  imbalance  between  cases
and controls and may have introduced selection bias.

Given the emerging nature of mpox and the limited
number of confirmed cases, this study was designed as
an exploratory proof-of-concept investigation using all
available  eligible  cases  during  the  study  period.  A

formal sample size calculation was not performed. 

Large Language Model–based Feature
Extraction

DeepSeek-R1-14B  was  deployed  via  an  application
programming  interface  (API)  for  prompt-based
extraction  of  clinical  information  from  free-text  chief
complaints  and  histories  of  present  illness.  A
predefined prompt (Figure  1)  instructed the  model  to
perform entity  recognition and attribute  classification,
identify  symptoms,  clinical  signs,  and  relevant
comorbidities,  and  assign  binary  presence  or  absence
labels.

Feature  extraction  was  conducted  under
deterministic  inference  by  fixing  the  temperature
parameter at 0 to ensure reproducibility and minimize
stochastic  variation.  The model  was applied in a zero-
shot  setting  without  task-specific  fine-tuning.  Raw
model  outputs  were  post-processed  into  standardized
binary  variables,  with  consistency  checks  applied  to
ensure  conformity  with  the  predefined  schema.  This
process generated 98 candidate binary clinical variables
per  individual  (Supplementary  Material,  available  at
https://weekly.chinacdc.cn/),  spanning  dermatologic
manifestations,  systemic  symptoms,  gastrointestinal
symptoms, and relevant medical history. 

Feature Selection Based on Clinical
Knowledge

From  the  98  candidate  variables  extracted  by  the
LLM,  feature  selection  was  guided  by  existing  clinical
guidelines  and  expert  consultation  with  infectious
disease  and  public  health  specialists  (3–4).  Given  the
exploratory  nature  of  the  study,  the  relatively  small
sample  size,  and  the  need  for  model  interpretability,
features  were  selected  manually  rather  than  through
automated  methods.  Additional  analyses  using  all  98
variables  and  least  absolute  shrinkage  and  selection
operator  (LASSO)-based  feature  selection  were
conducted  to  evaluate  the  impact  of  manual  feature
selection.

Selection  prioritized  variables  associated  with
characteristic mpox lesions, high-risk populations, and
sufficient prevalence in the study population. Fourteen
variables  were  retained  for  model  development:
inguinal  rash,  inguinal  swelling  and  pain,  perianal
papules,  perianal  pustules,  perianal  pain,  fever,  rash,
papules, pustules, AIDS, hepatitis, diarrhea, dull lower
abdominal pain, and skin infections. 
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Model Construction and Baseline
Comparison

The  dataset  was  randomly  split  into  training  and
validation sets at an 8:2 ratio. Using the same 14 LLM-
extracted  variables,  three  classification  models  were
developed: naïve Bayes, logistic regression, and random
forest.  No  additional  internal  feature  selection  was
applied, ensuring comparability across models.

For  the  naïve  Bayes  model,  binary  variables  were
modeled  under  a  Bernoulli  distribution  assumption.
Logistic  regression  was  implemented  with  L2
regularization,  and  random forest  models  consisted  of
ensembles of decision trees.

To  further  assess  model  robustness  and  reduce  the
risk  of  overfitting,  five-fold  cross-validation  was
additionally  performed on  the  training  dataset  for  the
primary  model  (logistic  regression  using  DeepSeek-
extracted features).

To  evaluate  the  added  value  of  LLM-based  feature
extraction,  a  traditional  NLP  baseline  was
implemented  using  the  Jieba  word  segmentation  tool
(5)  combined  with  TF-IDF  feature  representation.
Naïve  Bayes,  logistic  regression,  and  random  forest
models  were  constructed using the  same workflow for

comparison.
In  addition  to  DeepSeek-R1-14B,  the  Qwen3-14B

large  language  model  (6)  was  applied  using  the  same
prompt,  inference  settings,  and  feature  selection
procedures  to  provide  a  comparative  assessment  of
different  LLM-based  feature  extraction  approaches.
Model performance was evaluated using area under the
receiver  operating  characteristic  curve  (AUROC),
accuracy,  sensitivity,  specificity,  positive  predictive
value  (PPV),  negative  predictive  value  (NPV),  and
Brier score for calibration assessment. 

RESULTS
 

Clinical Care-Seeking Patterns of
Monkeypox Cases

Mpox  cases  presented  across  multiple  clinical
departments,  most  commonly  fever  clinics  (55.6%),
followed  by  infectious  disease  outpatient  clinics
(16.7%)  and  HIV/AIDS  clinics  (9.5%)  (Table  1).
Dermatology-related  clinics  accounted  for  11.1%  of
initial visits, with the remaining cases distributed across
emergency departments and other outpatient services.

This distribution reflects heterogeneous care-seeking

 

(“任务：从中文病历片段中判断腹股沟皮疹、腹股沟肿痛、肛周丘疹、

肛周脓疱、肛周疼痛、发热、皮疹、丘疹、脓疱、艾滋病、肝炎、腹

泻、下腹部隐痛、皮肤感染及其他症状。\n”

“输出规则：\n”

“1)每个症状一条记录，text present (是否)\n”

“2)若 present = 是，再给 acute(是否)。出现急性\慢性等词据此判断，

未提及可留空。\n”

“3)可选字段 duration，如近两天等。\n”

“4)仅输出 Json，必须符合 Json scheme。\n”

“示例\n”

“输入：患者发热三天伴皮疹。\n”

“期望:{\“ symptoms\”:[“

“{“text\:发热, \“present\:\“是\”, \“ acute\:\“是\”, \“ duration \”: \“三天\”} ”

“{“text\:皮疹, \“present\:\“是\”, \“ acute\:\“是\”, \“ duration \”: \“三天\”} ”

“]}\n”

f “现在输入:{text}”

)

“Task: From Chinese medical record fragments, determine 
inguinal rash, inguinal swelling and pain, perianal papules, 
perianal pustules, perianal pain, fever, rash, papules, pustules, 
AIDS, hepatitis, diarrhea, dull lower abdominal pain, skin 
infections, and other symptoms.\n”

“Output rules:\n”

“1) One record per symptom, text present (yes/no) \n”

“2) If present = yes, then provide acute (yes/no). Determine based 
on the appearance of terms such as acute \chronic; if not 
mentioned, it may be left blank. \n”

“3) Optional field duration, such as past two days, etc. \n”

“4) Output Json only, must conform to Json schema. \n”

“Example\n”

“Input: The patient has had fever for three days accompanied by 
rash.\n”

“Expected:{\“ symptoms\”:[“

“{“text\:fever, \“present\:\“yes\”, \“ acute\:\“yes\”, \“ duration \”: 
\“three days\”} ”

“{“text\:rash, \“present\:\“yes\”, \“ acute\:\“yes\”, \“ duration \”: 
\“three days\”} ”

“]}\n”

f “Current input:{text}”

)

FIGURE 1. Prompt for symptom extraction from Chinese clinical text for monkeypox cases and controls.
Note: left panel: original Chinese; right panel: English translation.
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patterns  and highlights  the  limitations  of  department-
specific  surveillance  strategies  for  early  mpox  case
identification. 

Accuracy of DeepSeek LLM in Clinical
Symptom Extraction

As  shown  in  Table  2,  DeepSeek-R1-14B
demonstrated  strong  performance  in  extracting  14
mpox-related  clinical  symptoms  from  unstructured
clinical  text,  achieving  a  precision  of  0.771,  recall  of
0.919,  F1 score of  0.839,  and accuracy of  0.961.  The
model showed particularly high precision and recall for
commonly  documented  symptoms,  including  fever,
rash, pustules, and HIV infection. Overall, these results
suggest  that  DeepSeek  can  reliably  extract  clinically
relevant  symptom  information  from  routine  clinical
narratives. 

Comparative Classification Performance
Across Feature Extraction Methods

As  shown  in Table  3,  models  using  LLM-extracted
features  consistently  outperformed  those  based  on
traditional  Jieba  plus  TF-IDF  representations  across
multiple  evaluation  metrics,  including  AUROC,
accuracy,  sensitivity,  specificity,  PPV,  NPV,  and
calibration (Brier score).

Among  all  models,  logistic  regression  using
DeepSeek-R1-14B–extracted features achieved the best
overall  performance,  with  the  highest  AUROC
(0.927),  accuracy  (87.5%),  balanced  sensitivity
(88.0%)  and specificity  (87.0%),  and the  lowest  Brier
score (0.106), indicating superior calibration.

Models  based  on  Qwen3-14B–extracted  features
demonstrated  moderate  performance,  generally

achieving  higher  sensitivity  but  lower  specificity  and
less  favorable  calibration  compared  with  DeepSeek-
based  models.  In  contrast,  Jieba  plus  TF-IDF–based
models  showed  the  weakest  overall  performance,  with
reduced specificity and PPV.

A  five-fold  cross-validation  on  the  training  dataset
yielded a mean AUROC of 0.904, consistent with the
performance  observed  on  the  independent  validation
set. 

Feature Selection Analysis
To evaluate  the  impact  of  manual  feature  selection,

additional analyses were conducted using all  98 LLM-
extracted variables and a LASSO logistic regression for
data-driven  feature  selection.  Logistic  regression  using
all  98 variables  achieved an AUROC of 0.910 and an
accuracy  of  85.4%,  while  the  LASSO-based  model
achieved  an  AUROC  of  0.902  and  an  accuracy  of
87.5%.  These  results  were  comparable  to  the  14-
feature  clinically  selected  model  and  did  not
demonstrate clear improvement.

LASSO-based  feature  selection  identified  several
clinically relevant dermatologic and systemic symptoms
associated  with  mpox,  suggesting  that  meaningful
signals can be captured directly from high-dimensional
feature  space.  However,  models  based  on  clinically
selected  features  demonstrated  more  stable  and
interpretable  performance,  particularly  given  the
relatively small sample size. 

Error Case Analysis
Error  case  analysis  revealed  several  patterns

underlying model misclassification. False-positive cases
were  commonly  associated  with  nonspecific

 

TABLE 1. Distribution of mpox cases across clinical departments.

Clinical Department Number of Cases (n) Proportion (%)

Fever clinic 70 55.6

Infectious disease outpatient clinic 21 16.7

HIV/AIDS clinic 12 9.5

Dermatology outpatient clinic 10 7.9

Research follow-up clinic 6 4.8

Dermatology and venereology clinic 3 2.4

Emergency department outpatient clinic 1 0.8

Dermatologic aesthetic and laser clinic 1 0.8

Wound, ostomy, and continence nursing specialty clinic 1 0.8

Proctology night clinic 1 0.8

Total 126 100.0

Abbreviation: mpox=monkeypox; HIV=human immunodeficiency virus; AIDS=acquired immunodeficiency syndrome.
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dermatologic  symptoms,  such as  erythema or  papules,
that  were  over-interpreted  as  characteristic  mpox
lesions  in  the  absence  of  systemic  indicators.  For
example,  a  patient  presenting  with  perianal  erythema
and  itching  was  clinically  diagnosed  with  localized
eczema,  yet  the  model  assigned  a  high  probability  of
mpox  based  on  the  anatomical  location  of  the
symptoms.

In  contrast,  false-negative  cases  primarily  involved
patients  presenting  with  systemic  symptoms  such  as
fever  and  myalgia  but  lacking  documented
characteristic rashes or pustules at the initial encounter.
These  findings  suggest  that  further  refinement  is

needed  to  improve  differentiation  between  mpox  and
common  dermatologic  conditions  with  overlapping
presentations. 

Comparison Between DeepSeek and
Qwen3 Feature Extraction

To  further  investigate  the  performance  differences
between  DeepSeek-R1-14B  and  Qwen3-14B,  we
conducted  a  qualitative  comparison  of  their  feature
extraction  outputs  using  identical  prompts  and
inference settings.

Although  both  models  were  capable  of  extracting
structured  clinical  variables  from  free-text  records,

 

TABLE 2. Performance evaluation of DeepSeek-R1-14B for extracting mpox-related clinical symptoms.
Symptom TP FP TN FN Precision Recall F1 Score Accuracy

Inguinal rash 10 0 228 0 1.000 1.000 1.000 1.000

Inguinal swelling and pain 2 0 236 0 1.000 1.000 1.000 1.000

Perianal papules 9 7 222 0 0.563 1.000 0.720 0.970

Perianal pustules 7 2 227 2 0.778 0.778 0.778 0.983

Perianal pain 6 1 231 0 0.857 1.000 0.923 0.996

Fever 86 11 141 0 0.887 1.000 0.940 0.954

Rash 97 12 128 1 0.890 0.990 0.940 0.945

Papules 31 63 143 1 0.330 0.969 0.492 0.731

Pustules 34 3 182 19 0.919 0.624 0.756 0.908

AIDS 37 1 199 1 0.974 0.974 0.974 0.992

Hepatitis 7 1 229 1 0.875 0.875 0.875 0.992

Diarrhea 10 0 225 3 1.000 0.769 0.870 0.987

Dull lower abdominal pain 1 0 237 0 1.000 1.000 1.000 1.000

Skin infections 3 0 233 2 1.000 0.600 0.750 0.992

Total 340 101 2,861 30 0.771 0.919 0.839 0.961
Note: Precision=TP / (TP + FP); Recall=TP / (TP + FN); F1=2 × Precision × Recall / (Precision + Recall); Accuracy=(TP + TN) / (TP + FP +
TN + FN).
Abbreviation:  mpox=monkeypox;  AIDS=acquired  immunodeficiency  syndrome;  TP=true  positive;  FP=false  positive;  TN=true  negative;
FN=false negative.

 

TABLE 3. Comparison of classification performance using DeepSeek-R1-14B, Qwen3-14B, and Jieba + TF-IDF features.

Feature extraction Model AUROC Accuracy, % Sensitivity, % Specificity, % PPV, % NPV, % Brier score
DeepSeek-R1-14B Naive Bayes 0.910 85.4 88.0 82.6 84.6 86.4 0.141

DeepSeek-R1-14B Logistic Regression 0.927 87.5 88.0 87.0 88.0 87.0 0.106

DeepSeek-R1-14B Random Forest 0.890 85.4 88.0 82.6 84.6 86.4 0.118

Qwen3-14B Naive Bayes 0.770 72.9 76.0 69.6 73.1 72.7 0.271

Qwen3-14B Logistic Regression 0.838 81.2 92.0 69.6 76.7 88.9 0.147

Qwen3-14B Random Forest 0.861 81.2 92.0 69.6 76.7 88.9 0.141

Jieba + TF-IDF Naive Bayes 0.790 68.8 80.0 56.5 66.7 72.2 0.189

Jieba + TF-IDF Logistic Regression 0.819 75.0 80.0 69.6 74.1 76.2 0.188

Jieba + TF-IDF Random Forest 0.877 79.2 92.0 65.2 74.2 88.2 0.152
Abbreviation:  AUROC=area  under  the  receiver  operating  characteristic  curve;  PPV=positive  predictive  value;  NPV=negative  predictive
value; TF-IDF=term frequency–inverse document frequency.
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DeepSeek demonstrated greater robustness in handling
ambiguous  or  indirectly  expressed  symptoms.  For
example,  when  clinical  narratives  described  "perianal
discomfort"  or  "localized  irritation,"  DeepSeek  more
consistently  inferred  dermatologic  involvement,
whereas  Qwen3  frequently  failed  to  capture  these
signals when explicit terms such as "rash" or "pustules"
were absent.

Additionally,  Qwen3 exhibited greater  variability  in
feature  extraction  consistency  across  similar  clinical
descriptions, occasionally producing incomplete or less
reliable  binary  representations.  These  findings  suggest
that  stronger  contextual  understanding  and
instruction-following  capability  may  contribute  to  the
superior  downstream  classification  performance
observed with DeepSeek. 

DISCUSSION
 

Main Findings
This  study  demonstrated  that  LLM-extracted

clinical  features  can  improve  mpox  case  identification
from  routine  clinical  text,  with  DeepSeek-R1-14B
yielding  the  strongest  performance  among  the
evaluated  models.  The  logistic  regression  model  built
on DeepSeek-derived features achieved an AUROC of
0.927  and  an  accuracy  of  87.5%,  indicating  that  the
model  can  capture  clinically  relevant  signals  from
unstructured medical narratives.

Beyond  overall  model  performance,  the  favorable
results  may  also  reflect  the  clinical  relevance  of  the
symptom  features  used  for  classification.  The  selected
features  represent  common  and  emerging  mpox
presentations  observed  in  recent  clinical  practice,
particularly  dermatologic  manifestations  involving  the
inguinal  and  perianal  regions,  which  are  frequently
described  in  routine  medical  records  (7).  Local
symptoms such  as  inguinal  swelling  and perianal  pain
capture  inflammatory  responses  —  including
lymphadenopathy and rectal involvement — that may
occur  even  when  typical  skin  lesions  are  limited  or
absent.  Systemic  and  gastrointestinal  symptoms,
including  fever  and  diarrhea,  further  account  for
heterogeneous  clinical  presentations  and  early-stage
disease.  Additionally,  hepatitis  reflects  systemic
involvement or coexisting conditions observed in some
patients,  particularly  in  the  context  of  immune
dysfunction  or  concurrent  infections  (8).  Moreover,
incorporating immune status–related information such
as  HIV/AIDS  enables  the  model  to  capture  clinically
meaningful  variation  in  symptom  burden  and  disease

severity  (9).  Together,  these  features  provide  a
clinically  grounded  representation  of  mpox
manifestations  and  explain  the  model's  ability  to
extract discriminative signals from unstructured clinical
text. 

Clinical Translation
The  observed  performance  of  DeepSeek  highlights

the  potential  utility  of  LLMs  in  supporting  infectious
disease  surveillance  and  clinical  decision-making.
Because  the  proposed  framework  relies  solely  on
routinely  collected  EMR  data  —  including  chief
complaints and histories of present illness — it may be
feasible  to  integrate  into  existing  hospital  information
systems without requiring additional data collection or
workflow disruption.

Automated  screening  based  on  clinical  narratives
may  facilitate  earlier  identification  of  suspected  mpox
cases  before  laboratory  confirmation,  particularly  in
settings  where  patients  present  across  multiple  clinical
departments.  In  addition,  the  LLM-based  approach
demonstrated  some  ability  to  capture  semantically
related  symptom  descriptions  beyond  explicit
keywords,  suggesting  potential  advantages  in  handling
heterogeneous clinical documentation.

Ethical and privacy considerations are also important
for  practical  implementation.  This  study  used
retrospective, de-identified clinical data, and any future
deployment  would  require  strict  adherence  to  data
protection  regulations  and  institutional  governance.
Importantly,  the  proposed  system  is  intended  to
support  —  rather  than  replace  —  clinical  decision-
making, and human oversight remains essential.

Finally,  this  study  was  based  on  retrospective  data
and  did  not  include  temporal  stratified  analysis  or
prospective  validation.  Future  work  should  focus  on
evaluating  model  performance  across  different  time
periods  and conducting  prospective  validation  in  real-
world  clinical  settings  to  assess  generalizability  and
robustness. 

Limitations
Several  limitations  should  be  considered  when

interpreting  these  findings.  First,  this  study  should  be
regarded as a proof-of-concept investigation based on a
relatively  small  retrospective  dataset,  which  may  limit
generalizability  and  increase  the  risk  of  overfitting
despite  consistent  five-fold  cross-validation
performance.  External  validation  across  different
healthcare  systems  and  prospective  evaluation  in  real-
world settings were not performed.
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Second,  the  approach  relies  heavily  on  free-text
clinical  documentation,  which  may  be  incomplete,
nonstandardized,  or  ambiguous.  Although  DeepSeek
demonstrated  some  capability  in  handling  indirectly
expressed  symptoms,  performance  may  decrease  when
clinical  descriptions  are  highly  vague  or  atypical.  In
addition,  the  exclusion  of  records  with  incomplete
narratives may have introduced selection bias.

Third,  clinically  guided  manual  feature  selection
may  introduce  verification  bias  by  constraining  the
model  to  predefined  symptom  patterns.  Although
additional  analyses  using  all  98  variables  and LASSO-
based  feature  selection  demonstrated  comparable
performance, clinically selected features provided more
stable and interpretable results.

Finally,  the  baseline  comparison  in  this  study  was
limited to Jieba plus TF-IDF feature extraction. More
advanced  traditional  clinical  NLP approaches,  such  as
rule-based named entity  recognition systems or  neural
sequence  labeling  models,  may  provide  stronger
baselines for future evaluation. 

Future Directions
Despite  these  limitations,  the  proposed  framework

demonstrates  the  feasibility  of  using  LLMs  for
automated extraction of clinically relevant information
from routine medical narratives. Because the approach
operates  in  a  zero-shot  manner  without  task-specific
annotation or model fine-tuning, it may offer practical
advantages  for  rapid  deployment  in  emerging
infectious disease surveillance settings.

Future  studies  should evaluate  the  framework using
larger multicenter datasets, external validation cohorts,
and  prospective  real-world  implementation.
Incorporating  additional  data  modalities  —  such  as
medical  imaging  or  population-level  surveillance
data  —  may  further  improve  early  identification  of
atypical  presentations.  More  broadly,  similar
approaches  may  be  adaptable  to  other  emerging  or
reemerging  infectious  diseases  that  rely  heavily  on
narrative clinical documentation.

The  DeepSeek-R1-14B  large  language  model,
combined  with  clinically  informed  feature  selection,
demonstrated strong performance in  automated mpox
case  identification  using  routine  clinical  text.  These
findings suggest that LLM-based processing of clinical
narratives represents a promising and scalable approach
for  supporting  infectious  disease  surveillance.  Despite
the  limitations  of  this  proof-of-concept  study,  the
proposed  framework  may  be  adaptable  to  other
infectious  diseases  and  integrated  into  existing

surveillance systems following further validation. 
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SUPPLEMENTARY MATERIAL

A total  of  98  clinical  features  were  extracted  from electronic  medical  records  using  DeepSeek-R1-14B.  The  98
clinical  features  extracted  were:  inguinal  rash,  inguinal  swelling  and  pain,  perianal  papules,  perianal  pustules,
perianal pain, fever, rash, papules, pustules, acquired immunodeficiency syndrome (AIDS), hepatitis, diarrhea, dull
lower abdominal pain, skin infections, dizziness, fatigue, hyperlipidemia, perianal herpes, cough, sore throat, nasal
congestion,  vomiting,  abdominal  pain,  dysuria,  perianal  rash,  perianal  abscess,  syphilis,  headache,  myalgia,  chills,
rigors,  human  immunodeficiency  virus  positive  (HIV-positive),  diabetes  mellitus,  genital  ulcer,  muscle  and  joint
pain,  rhinorrhea,  cough  with  tinnitus,  soft  tissue  infection,  penile  swelling  and  pain,  pruritus,  pain,  productive
sputum,  itching  sensation,  perianal  inflammation,  herpesvirus  infection  of  the  genital  and  genitourinary  tract,
herpes,  generalized muscle and joint pain, cough with white sputum, facial  swelling, difficulty in defecation, mild
myalgia,  recurrent  condyloma  acuminatum,  painful  rash,  bronchitis,  respiratory  tract  infection,  cough-variant
asthma,  renal  insufficiency,  nausea  and  vomiting,  generalized  muscle  and  joint  discomfort,  dry  throat,  dry  cough
with scant sputum, gingival pain, nasal congestion and rhinorrhea, pulmonary tuberculosis, night sweats, dyspnea,
chest  pain,  hemoptysis,  parasitic  infection,  cough  with  yellow  sputum,  neurosyphilis,  poor  appetite,  poor  general
condition, chest mass, multiple lipomas, poor mental status and appetite, poor sleep, parasitic disease, cough with
yellow mucoid  sputum,  venous  thrombosis,  Grade  3  hypertension (very  high  risk),  abdominal  pain  and diarrhea,
bacterial  infection,  viral  warts,  human  papillomavirus  (HPV)  infection,  abdominal  distension,  bilateral  breast
tenderness,  mild  headache,  chest  tightness,  productive  cough,  nausea,  throat  itching,  rhinorrhea  and  nasal
congestion, chronic hepatitis B, poor postoperative wound healing, androgenetic alopecia, and kidney stones.
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