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A Contribution to the Mathematical Theory of Epidemics.
By W. O. Kervack and A. G. McKENDRICK.

(Communicated by Sir Gilbert Walker, F.R.S.—Received May 13, 1927.)

(From the Laboratory of the Royal College of Physicians, Edinburgh.) \
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Introduction. Am‘fc’rm‘n Gray William Ogilvy
(1) One of the most striking features in the study of epidemics is the difficulty McKendrick Kermack
of finding a causal factor which appears to be adequate to account for the
magnitude of the frequent epidemics of disease which visit almost every popula-
tion. It was with a view to obtaining more insight regarding the effects of the
various factors which govern the spread of contagious epidemics that the present
investigation was undertaken. Reference may here be made to the work of Ross

and Hudson (1915-17) in which the same problem is attacked. The problem is < 282;:
here carried to a further stage, and it is considered from a point of view which g 40%
is in one sense more general. The problem may be summarised as follows : % 30%
One (or more) infected person is introduced into a community of individuals, o ?8‘;0
more or less susceptible to the disease in question. The disease spreads from & 0% 1 . . . . . .
2 1 0 1 2 3
Time (years)
Proceedings of the Royal Society of London. Series A
BI/N y s Bsi
S(f) R(t) B
a _pst
at- N 7
S(t) = number of susceptible at time ¢ B = transmission rate
I(f) = number of infected at time ¢ ¥ = recovery rate dR
_ : — =yl
R(t) = number of recovered (immune) dt

or removed (dead) at time t



Source:
l S()I_ltll Chil‘lﬂ M()]"ning P()St https://www.scmp.com/news/hong-kong/health-environment/article/3162682/omicron-infections-could-spike-250000-
within-6

Source:

. South China Moming Post https://www.scmp.com/comment/opinion/article/3095460/what-hong-kong:-can

do-avoid-total-lockdown-and-fourth-wave-covid-19
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Study 1 — Research background

The COVID-19 pandemic was characterized
by repeated infection waves, driven by SARS-
CoV-2 variants with new and advantageous
genomic mutations.

These mutations enhanced fitness in variants
of concern (VOC) via a complex interplay
between viral intrinsic traits and population
immunity, shaped by vaccinations and prior
infections
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SARS-CoV-2 ACE2 binding and immune escape

ACE2 binding SARS-CoV-2 enters host cells
primarily through its spike protein, which binds to
the human ACE2 receptor. The spike is a major
target for neutralising antibodies.

SARS-CoV-2

Spike protein
s Monoclonal neutralizing Immune escape SARS-CoV-2 can evade
antibodies el . .
‘ Q ([ recognition and neutralisation by the host
4 \ immune system, particularly by avoiding
ACE2 detection from neutralising antibodies. This

phenomenon, known as immune escape, is driven
by mutations that alter the spike protein structure
and reduce antibody binding.

No infection
Infection

Host cell

Morales-Nufez et al. Vaccines (Basel) 2021
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Deep Mutational Scanning measuring virus traits (e.g. ACE2 additive
binding score, immune escape score and cell entry score)

Pseudo-virus deep mutational scanning data, which mapped the binding free energy, immune escape, and
cell entry for all possible mutations at each site of the SARS-CoV-2 spike protein amino acid sequence, were

utilized to calculate the viral ACE2 additive binding score, immune escape (i.e. serum antibody escape)

score, and cell entry score (i.e., the sum of individual mutational effects)
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Artificial Intelligence for Modelling Infectious Disease Epidemics

a Missing
data )
Case ! : §
incidence o2 s .
= : °
3 .
Time Now
\
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Transformer architecture raining data
- =
g Spatiotemporal data
S Encoder o
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3 < “PSeLle
= Decoder ¥ > ™
v /)
> ¢ 0ok Time
Forward
;prediction
Data
imputation
3 |
a
5 fﬁT
3
Anomaly —/, ®,
detection :
Time Now
g ¢ Guide capacity planning ahead of potential outbreaks
g ¢ Evaluate the effect of public health interventions

Node attributes
I  Case incidence
* Population size
* Healthcare capacity

O * Sociodemographics

f 1\
Training data
GNN

Annotated graphs
T 0
i A\
A c\<)/ Y
AS J 1 s
Community Node Link
detection classification prediction

* Provide insights into the mechanism of disease spread
¢ Inform resource allocation and targeted interventions

C Genome sequences of newly
discovered pathogens/variants

>genome_samplel1 A T C CA A TT C A ..
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- s —
Structurally informed Training data

deep learning model
Leveraging protein Viral
genomic
datasets
Genomic
sequencing

structure predictions
tools, for example,
AlphaFold, ESMFold
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High viral fitness
and antibody
binding disrupted

Mutation
inaccessible

Viral fitness

Low viral fitness
and antibody

binding not disrupted Predicted

trajectory

* Accelerate the development of effective vaccines
* Enable variant-specific targeted interventions

Population
Immunity

Virus Traits

Physics Laws

Environmental
& Social Factors

Kraemer et al. Nature 2025




Framework for predicting fitness landscape

Mechanistic Al-driven
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Framework for predicting fitness landscape
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Factors associated with SARS-CoV-2 fitness

ACE2 or antibody) and |

cellentry
- s e ‘ses e - -

External: Vaccination, non-pharmaceutical interventions L ame maaen
(NPIs), and socio-economic development status also affect | Mobility |
susceptibility, mobility, and health-related factors. B _— T T :g & '

@R =
Internal: The mutations that change viral traits, such as I_ECinoﬂ evelopment |y averal v,
ACE2 receptor binding and immune escape. O,Tf' u 2 s,

/ Lower — o -
*, - | Susceptibility !

fa ¥ . . |
Lo MV

e *ﬁﬁ

Understanding how these traits interact with host is crucial for predicting viral evolution, improving vaccine

strategies, and designing equitable epidemic responses. m j



Mechanistic model: Rugged fitness landscape of SARS-CoV-2 evolution

binding than BA.1.1

Input Data A
R e e 1
: y ?3}\ } Q .°.:  The model estimated intrinsic viral
Ity R ] Y | § fitness, adjusted for host susceptibility
I enomic _ = 3 c
ISequences DMS Data Vaccines MobllltyI E and contact
_______________ =
S

Modeling ﬂ * SARS-CoV-2 traits, together with
: = [ population immunity, shaped a rugged
I Susceptibility : viral fitness landscape
I —

Viral Fitness |l E
IR, (Infectiousness) I:'1>
: e ! i * BA.2 reached optimal fitness via high
- Rate : immune escape despite lower ACE2
I [
I

ACg
[ Intrinsic factor < B'nding
[ Extrinsic factor

Ding and Yuan iScience 2026




Decomposing virus fitness

A Fitness landscape -
The effective reproduction number (R,) was represented as two / 4 ¢ :+ ___________ i
components: a viral intrinsic factor (infectiousness), and extrinsic P R i Lo P R ,
factor (susceptibility and contact rate), as below: : T : o i
| e <5 |
| E :L"IM i) |
Data Q;&f—’mommy H ﬁofee;:oorlt];gm 1 \MW/L,;\N\ Aj\i \ E
. e BOmce | " |
R, = Infectiousness X (Susceptibility x Contact) — Rl Extended . ;
—c-immune_escape(t) = | SEIR Model I i 2 / % |
= By (t) - Ty X (1 = Ve, (1) - € - ) - Si(©)/N - M(t)) L
}—b Vaccination I l I l | _é
coverage Reported cases data ~ Dpae
B
* [,(t): ACE2 binding-dependent viral fitness, infectiousness. : = o .
* V,(t): vaccine efficacy from different doses (i) against the wild-type. i i fd.ptl ﬂ
« V,(t)-ecimmuneescape(t); protection against circulating strains, accounting Bimm o (®) 1t ﬁ
for theirimmune escape, derived from DMS data. I dose I )
= —c- t Bimm 1 (1)
* Bimmi(®) = By(8) - (1 = Ve, (t) - emcrtmmune-escape(®)y . m(¢) —and

1, infection with first dose /

Bimm Z(t)Itg

* S;(t)/N: fraction of individuals at each susceptibility, based on vaccine
dose i received.
«  M(t): Google mobility

Ding et al. iScience 2026



Decomposing virus fitness

A Fitness landscape =

| . S ,

The effective reproduction number (R,) was represented as two / 4 ¢ g :
components: a viral intrinsic factor (infectiousness), and extrinsic P R i Lo P R ,
factor (susceptibility and contact rate), as below: : lir’;ﬂ*’ ml
! g 5|
= | E ::L"IM. ,\f\ ’»‘\ \
ﬁ{‘;—bMobility — Model output S| |1, /L. A E
g:ltjarce : of reported = :
R, = Infectiousness X (Susceptibility X Contact) — S A Extended i :
— “SA Immune ——» SEIR M d Iﬁ i 8 A ;
= =5 t odel ting g3 ~ !
= B, (t) - Ty X (L = Ve, (t) - e~C:immune-escare(®) . 5,(£) /N - M(t)) = | AN

}—b Vaccination l I l | E
coverage

Reported cases data ~ Dpae

« f,(t): ACE2 binding-dependent viral fitness, infectiousness. 8, (t) was : = o N
estimated using particle Markov Chain Monte Carlo (pMCMC) and I B f‘d,ptl > ﬂ
modeled as a Brownian motion. Bimm o(©) g ﬁ

1 dose i = 0, unvaccinated )
Bimm l(t)ltg K

1, infection with first dose /

Bimm Z(t)Itg

Ding et al. iScience 2026




Particle Markov Chain Monte Carlo

Builds on the data augmentation principle (Gelfand & Smith, 1990)
Key Idea
* We have observed data (y).
We want to learn about unknown parameters (0).
* We also introduce latent states (x) as “extra data” to help the model.
How It Works
e The algorithm samples from the joint distribution:
P(x1-¢,0|y1-t) X P(Y1-¢|x1-¢, O)P(x1-¢|6) P(O)
* Expand the latent state P(x; 7|6) into the Markov chain transitions:
p(x; _716)=plx; | Oz pOsr | X, 6)
* Insimple terms:
— Likelihood: how well the model explains the data.
— Prior on states: assumptions about hidden dynamics.

—_Prior on parameters: assumptions about parameters. M
ui




Example of a hidden Markov process

 Example of a hidden Markov process. A random-walk hidden Markov process model where the state
variable x, evolves following a Gaussian kernel and is observed with a Gaussian measurement error
and rounding. (A) A large sample of simulated trajectories among all the possible trajectories of x;.c.
B) Simulated trajectories consistent with data y;_s=(0,1, 1, 1, 2).

A B

o -

hidden state
Q
higden s1ate
1)
1

tme Lime
Endo et al. Epidemics 2019



Vaccine roll out

Population

Population

(millions)

(millions)

Weekly vaccinations in Italy(from 2020-12-27 to 2022-03-05)
(Vaccine of mRNA)

Dose
. 1 dose (with previous infection)

dose 1
dose 2

B coses
. dose 4

Weekly vaccinations in Italy(from 2020-12-27 to 2022-03-05)
(Vaccine of viral vector)

Dose
4 . 1 dose (with previous infection)

W coset

3 dose 2

B coses
21 I coses
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The per for di type of

Vaxzevria (AstraZeneca) 9.04 % Janssen 1.12 %

Moderna 24.7 %

Vi 1
PRABLEANS 1aaw

Pfizer/BioNTech 63.3 %



Analysis of ACE2 binding affinity and immune escape

vos I non-vocs [l mipna [ Beta B omicron(saz)
I Gamma [ Deta [ OmicronBA.1) [ Others
100%
75%1 A) Variant prevalence over time (Alpha, Beta, Delta, Gamma,
g Omicron, early 2020—early 2022)
?_ 50% 1
§5
25%
0%
B :
151
ol 7 e ————— © o (B) ACE2 additive binding score decreased from a high level in
20 o Demmfozen) ez g0 Alpha (B.1.1.7) to Delta (B.1.617.2), comparable to the wild type.
© BA.1(0.277) . b . - a a 5 . . .
gi oo sA1.1 042) o Early Omicron lineages (BA.1.1) showed increased binding, while
ﬁ% . :;.:;E;;a}ptﬂnj and BA.1.1) (0.312) ~ ST . . .
85 os L e BA.2 exhibited reduced binding.
-1.01
-1.5
c 1.01 A
e (C) Immune escape showed a gradual rise from alpha to delta,
0.8- e 0 .
2 Ll followed by a sharp rise with the emergence of omicron,
2 06 BA (0.773) S
()] BA1.1 (0.846) _\’
g BA.1# (Except BA.1 and BA.1.1) {0.802) ) Bl o
S 04 v BA.2(0.834) C o ' qn
E B BA2# (Except BA.2) (0.833) : S w2
E . 5 I8
0.0+ SRR

2020-03-01
2020-05-01
2020-07-01
2020-09-01
2020-11-01
2021-01-01
2021-05-01
2021-07-01
2021-09-01
2021-11-01
2022-01-01
2022-03-01




SARS-CoV-2 transmission, evolutionary and immune dynamics

(=]
Effective reproduction number

A B
300 12 - 12
Non-VOCs Alpha Delta Omicron — | Non-VOCs Alpha Delta Omicron
= § \
250 - % 10 Iy b 10
o c Iy 4
(A) The model successfully reproduced the observed 8 2200 A 82 gl :: 8
. . . 0 QT - @
infection dynamics across multiple waves. 2 8. l& . |
c B 1] L
o . . . o . ana ‘™ = - N >
(B) The intrinsic virus fitness show large variability 8 =10 I3 g~ 4 .
during late delta and omicron periods. 50 1 . £°§ s 2 2
(C) The immunity against the wild-type strain (such as c D
vaccine-induced (green line) and natural infection 100 - : - 100 - - -
A . . . . . . Non-VOCs Alpha Delta Omicron Non-VOCs Alpha Delta Omicron
combined with vaccine-induced immunity (red line) —
. ey ae . . >3 80 ~ 80 |
increased due to the initiation of the vaccination £ % 34 =9
= —
campaign (beginning in the late December 2020) in Italy E ,% 60 - E 8 60 -
. £ o
around the same time. s 2 >
= 2 i g @ i
© - 40 2 40
= @ —  Total g =
. . . . . 3_% —— \accine-induced = %
(D) A similar trend was observed for effective immunity & 2 ,, | we
against circulating VOCs during alpha and delta periods, /// J/
but a significant decrease was recorded in the omicron o — S s e s s ol S —
period. OO R O S O S TITIIIIIITRNG:
§3535833858387%¢% §553583%%8%§¢% i
& & 8 § f v v v & N oA oA 8§ R 8§ 8 f 0 b b NN W &
Qo O O O O O 9O 0 O g o 9 o Qo O O O O O 9 o o j=]




Virus’s fitness in SARS-CoV-2 evolution

(A) The phenotype-fitness landscape spanned by ACE2
binding score and host’ effective immunity showed
rugged patterns with four major peaks, corresponding
to B.1.1.7 (Alpha), B.1.617.2 (Delta), BA.1* (first
Omicron peak) and BA.2* (second Omicron peak).

(B) A higher effective immunity was associated with a
lower fitness peak. Within the omicron period, the
binding score and effective immunity decreased
simultaneously, associated with an optimal fitness

peak.
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Study 2 - Research question

How do viral fitness patterns differ across countries with varying developmental statuses?

? Fewer influence ?
— .}

More influence ?

. g



SARS-CoV-2 variants vary across regions

Although countries worldwide have been severely affected by SARS-CoV-2, there are substantial differences in the circulating

viral lineages across regions. Notably, recent studies reveal that the patterns of variant predominance can differ significantly
between regions, and especially between different economies.

For example, while some subvariants rise to dominance globally, their local trajectories and timings of emergence can vary
markedly among countries, reflecting distinct epidemic patterns and evolutionary pressures in each region.

1,488,992 United States 352,341 South Africa 5,556 United Kingdom 352,512

10
50
25
& o;\“' u\“'

Frequency (%)

BA.1
[ BA1A
BBAaz
. BA.2.12.1
B BA4/5

Other

1 2 1
\ @\“' n.,\"'& & q,\“' og\“f & @\“'
\«w‘b O RS fi, \\q, B ‘L‘L ’\‘b QIR E I fw»

Wang et al. Nature (2022)




Framework for predicting fitness landscape

Al-driven
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Al-driven model design

Data Sequences Viral traits _
= . . . .
— £ * The countries included in the analysis were the
j ¢ @, 5
ACE2 receptor 3 ;
S E ® . .
(fm s 3 USA, the UK, Germany, India, Brazil, Turkey,
USA(N=2,566,508) Indian (N=123,605) Bangladesh (N=2,780) ‘:ic"gi,"g“"" » U oo
UK (N=1,689,733) Brazil (N=94.890) Senegal (N=2,020) o e 'E E
Germany (N=579.479) Turkey (N=31,412) Cambodia (N=2,259) c .
| I | £ Bangladesh, Senegal, and Cambodia.
| Excll}](ll;d];l;;i g\zi]t}:%):ll date | ::"I:; | 1\11 I i I \ II 152-'53|l:(§4|u]z5|
v - - = DMS score Value, Value, \'alule; Value,o5; Value, g, Valueyyss

= pats - 3 vt * The countries were categorized into three
USA(N=2.522.196) Indian (N=120,966) Bangladesh (N=2,680) hl_‘

UK (N=1.673.619) Brazil (N=94.444) Senegal (N=1.696)

e e e wniing || ctape | ey groups according to their socio-economic

Modelling cxowth ate g _— . .
' I statuses: advanced countries (AC), developing

. Predicts
MLR model fitting r an‘;trr| " Regression models |
growth rate Economic factor

* ~
) #*
&_E Calculates e — \. —sDi<—| aBD . o
—5 i T E countries (DC), and least developed countries
= £ Higher achme learning
B > grgwth ma: .‘ Predicts +
Time
Outcome l l

Task 1: estimate the effect of virus traits and Task 2: compare models’ predictive

SDI on growth rate performance

Association of virus traits and social-demographic Best prediction model

index with growth rates

Ding and Yuan IJID 2026




SARS-CoV-2 transmission dynamics among nine countries

Bangladesh Cambodia Senegal

1.001 ; * The fitted curves closely tracked
075_ ) il e " @ af .
o 50l the observed prevalence data for
0.251 Lineage 1 1
rnesse each major lineage, accurately
0.001 :
1.00] e capturing both the timing and
8 0.751 =— BA29 ) ) )
%0_50_ - magnitude of lineage expansions
e == BAS5.1
o 0.25-1 BA5.2 .
o — anses and replacements across diverse
| Germany :i 2221 . . .
1,001 — 0 epidemiological contexts.

=== XBB.1

0.751
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The relative risk (RR) of virus traits on virus growth rate

Country ACE2 Binding Immune escape Cell entry
Least developed country | | |
Bangladesh 280(176104.25) : * 2.41 (19510 2.98) : 111{0661a179) :
Cambodia 125(1.01ta 1.56) ( 168 (15210 1.86) - 101(065t0158) T 84'
Senegal 080(062t0105) ™ 177(16110193) LT 087(061t0125) 8
Combined (LDC) 1.44{113101.82) 1= l1 a0 (1.721to0 2. DQ}I (. 0.75(055t01.02) 1 B $ 34
. I seeccccacaaaad | | )
Developing country I I I = = I
India 1.17 {0,980 1.39) r~ 1.77 (1.6210 1.93) [ 089(0.75t01.04) 7 = g
I [ ol
Brazil 1.30(1.081t0 1.56) I 189 (1.7410 2.06) I 0.72 (0.56 ta 0.90) I -%,'5 21
Turkey 1.53(1.4210 1.64) : - 129(124101.34), : 165(147t0185) | = g 2
Combined (DC) 1.23{(1.11101.37) o '1 50(142to158); | " 099(0.88t01.11) f 3
_____________ =
I I I o 11
Advanced country - h - 5
USA 120(1.03ta 1.40) | 119 (11010 1.30) | 159(1.33ta187) | — {55901 566
UK 119(0961ta 1.45) | 112 (1.01t0 1.23) r 134 (09410 187) i 0 }FI’»vaIuAe - 0_0276'
Germany 1.33{(1.1210 1.59) i 148 (1.3610 1 61} P 0.85(0.65t0 1.09) I - - . ' ' '
. = RIS e 1= | = 04 05 06 07 08 09
Combined (AC) 1.19(1.0810 1.31) : |1 20(1.14 10 1 26}! : 1.38(1.20t0 1.58) : SD
Overall y o TTEEE T T T I I
Fixed model 119(1.10ta 1.29) :' 1.32 (1.27t0 1.37) :' 111({(1.02ta 1.22) 'I:
Mixed model 1.20 (1. 11t0130} " 1.36 (1.311t0 1.41) - 1.11{1.01t0 1.21) i
Fixed model: all varisbles without considering random effect I B T T T T T T T T 1T T T
Mixed model: all variables considering random effect 005115225335 005115225335 005115225335

Ding and Yuan IJID 2026




Study 3 - Research question

How vaccine waning affect outbreak dynamics and hence inform vaccination policy?

!z
Protect health?

é ?
Save cost?

. g



Study tflow

e Stage 1- Model Development
— Formulation: Define compartments, assumptions, and governing equations.

— Training: Use initial data to tune model behavior.
— Prediction: Baseline predictive framework.
e Stage 2 — Model Fitting
— Bayesian Estimation: Apply Bayesian or MCMC methods to fit model to surveillance data.
— Likelihood Evaluation: Compare simulated vs observed outcomes.
— Posterior Inference: Posterior parameter distributions and uncertainty quantification.
e Stage 3 —Scenario Analysis
— Counterfactual modeling: Simulate alternative vaccination or outbreak scenarios.
— Policy evaluation: Assess intervention impact and resource allocation.
— Output: Evidence-based insights for decision-making.
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Incorporating vaccine boosting and waning into a semi-agent based model

>
w
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Model prediction taking into account waning immunity

e Vaccine waning leads a
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Conclusions

 SARS-CoV-2 traits, together with population immunity, shaped a rugged viral fitness
landscape.

 Low income countries is associated with larger immune escape effect.

* Wanining immunity against critical iliness decline significantly in older groups.
Targeting older groups offers a balance between dose efficiency and the overall

reduction in hospital occupancy.
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