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Overview IMPERIAL

e 2005-8 modelling
e 2009 HIN1
 What’s changed since 2008

» Strategic policy goals and drivers
* Data needs -

Ack: UC Riverside
* Decision-making under uncertainty

* Research priorities for modelling



2005-8 modelling

Examined combinations of NPI, AV
and pre-pandemic vaccine use

PNAS model comparison paper
examined incidence-triggered
NPI/AV scenarios ranging from
“flattening the curve” to
suppression

Ferguson et al. showed 50%+
reductions in health impact possible
while still achieving herd immunity
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Strategies for mitigating an influenza pandemic

Neil M. Ferguson', Derek A. T. Cummings?, Christophe Fraser', James C. Cajka®, Philip C. Cooley®

& Donald S. Burke?

Development of strategies for mitigating the severity of a new
influenza pandemic is now a top global public health priority.
Influenza prevention and containment strategies can be con-
sidered under the broad categories of antiviral, vaccine and non-
pharmaceutical (case isolation, household quarantine, school or
workplace closure, restrictions on travel) measures'. Mathematical
models are powerful tools for exploring this complex landscape of
intervention strategies and quantifying the potential costs and
benefits of different options**. Here we use a large-scale epidemic
simulation® to examine intervention options should initial con-
tainment®” of a novel influenza outbreak fail. using Great Britain

Acquiring more quantitative data on transmission in different social
contexts should therefore be a priority.

‘We estimated the reproduction number’ for pandemic influenza,
Ry, to have a value of 1.7-2.0 for the first wave of the 1918 pandemic,
as determined from city-level mortality data (see Supplementary
Information). In 1957, epidemic growth rates were less, with UK
national data giving R, values of 1.5-1.7 (see Supplementary Infor-
mation). Inter-pandemic data give a value of Ry = 1.7 (see Sup-
plementary Information). We therefore examine values of R, in the
range 1.4 to 2, particularly focusing on how conclusions differ for
‘moderate’ (Ro = 1.7) and ‘high’ (Ro = 2.0) transmission scenarios.
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2005-8 modelling: limitations IMPERIAL

e Optimistic assumptions about symptomatic case .
ascertainment (60%+) B Imperial College Model
[ University of Washington
* AV and vaccine scenarios assumed stockpiles to be 40 W Virginia Bioinformatics Institute Model
substantial fraction of population size .
S
. : : : : © 30
 Human influenza-like epidemiological parameters E
assumed (R, T,) 8
E 20
* Not modelled:
o Viral evolution 10
o Adaptive policies (other than incidence triggers) N 2ol -
. L. © o o o
o Border restrictions (some work done separately) =00 T2 oz o 2 o= o
=5 & gz¢g & o g2 g
o Contact tracing (only household/school/workplace) E ° 9% 3 = 9% 3
3 - 3 wu
: - T O gE O
o Healthcare demand/mortality £
o Economic impacts (separate analyses) Scenario 1 Scenario 2 Scenario 3
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2009 H1N1 pandemic
Pandemic Potential of a Strain of i e Al A ity

e Rapid early quantitative epidemiological Influenza A (HIN1): Early Findings oo i e
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cases already included in surveillance data, can

. . .
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1.3 to 1.7 and the generation interval to range from 2.6 to 3.2 days. We used a simulation model to .
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What’s changed since 2006

O O O O

O O O O

Global spread of H5N1
Greater avian species range

Reduced severity of human cases

2009 HIN1:
Limited use of NPIs
Limited use of AVs
Limited testing
Low Severity

COVID-19:
Use of NPIs for suppression
Widespread testing (in HICs)
Rapid vaccine production
Rapid viral evolution

Ai geographical distribution

O HS HPAl Bird
£ WS HPAl Human

A HS HPA Captive/Environmental
@ HSN1 HPA! Bird/Environment
R HSN1 HPAl Human case

© HSN2 HPA! Birds /Environment
© HSN4 HPAl Bird/Environment
© HSNS HPA! Bird/Environmental
© HSNG HPAl Bird/Environment
8 HSNG HPA Human case

A H7 HPA! Bird/Environment
@ HIN2 LPA! Bird/Environment

¥ HIN2 LPAl Human
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Strategic policy goals and drivers IMPERIAL

* Likely to be a perceived tension between twin goals of
saving lives and minimising socioeconomic disruption

* Decisions will be driven by:
o Severity (IFR) and predicted healthcare demand

ng_g.gxm‘.,

o How long NPIs might need to be in place (time to vaccination)

. it ST

* COVID: keeping infection incidence low minimised health
impacts at no additional economic cost

* But a politically challenging strategy in many contexts
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Early questions/data needs IMPERIAL

What is the true scale of the epidemic?

o Case ascertainment, serology, testing capacity,...

How fast is it spreading?

o Doubling time, R, Tg

* How much of a threat does it pose?

o CFR, HFR, IFR — by age and risk group

e What can we do? ‘

o Likely impact of mitigation measures

Need to be prepared for estimates to be uncertain, and for parameters to change (viral evolution)



Decision-making under uncertainty/change IMPERIAL

0 . - @_
UK 2020 response rooted in earlier crises — too e

o 7 .
much focus on one “reasonable worst case” scenario NaifonalBiskRsdisier

2020 edition

* Key issues: decision-making under uncertainty, time
horizon for costs/benefits, trust in counterfactual

modelling

* In future:
o need to plan for a range of scenarios

generate policy playbooks for each

O
o evaluate the costs of both inaction and action m
5 i

use accumulating data to narrow down the set of PREPARING FOR

compatible scenarios EMERGENCIES




Research challenges for modelling IMPERIAL

1. Forecasting — lots of progress on short-medium
term, but quantitative accuracy rapidly fell off

2. Limited use of agent-based models B € Eglg| ®mmsiimate |
3. Fitting spatiotemporal models (easy to fit space or £ 8B o somamminton
time, not both) — models typically represented AL L
spatial heterogeneity as disconnected areas ,H““;i;égggﬂ ___;
4. Curse of dimensionality meant social heterogeneity |
(beyond age) rarely included — including by income
group, ethnicity etc... .
5. Most current models underestimate
heterogeneity/over-dispersion
6. Integrating large numbers of data sources into
models (including sequence data) : s
7 gl
. . . . . A7 e
Estimating/disentangling effects of different NPIs y e
Adding dynamical representations of behaviour, ¢ === ——e—o S RSB D

economics into epidemic models
Kraemer et al., Science, 2021



Interdisciplinary challenges IMPERIAL

Optimising measurement of behaviours
relevant to transmission (e.g. COMIX)

[+>]

Lockdown 1 (LD 1) LD2 LD3

(&)

s

Validating proxy data sources — Google
mobility, social media etc

Mean contacts
w

N

Mechanistic behavioural modelling —
responses to mandatory/voluntary measures,
risk avoidance, vaccination

COMIX data

A

01-Apr-20 01-Jun-20 01-Aug-20 01-Oct-20 01-Dec-20 01-Feb-2101-Apr-21 01-Jun-21 01-Aug-21 01-Oct-21 01-Dec-21 01-Feb-2201-Apr-;

What measures were most effective, and what

messaging?
. . Tweet Type
Role of social heterogeneity Testing
Covid-19

(income, ethnicity, politics, . Twitter data

social networks/cliques) By

Intervention
Vaccine

&h ’ h Admissions
i L, e M,AM._ cocctforpedd: rf\i&!

Jan 2020 Apr 2020 Jul 2020 Oct 2020 Jan 2021 Apr 2021 Jul 2021 Oct 2021 Jan 2022

Count

4k

Minimising economic impacts
while controlling transmission

2k

-

Date (Start of the day)



Last thoughts IMPERIAL

* COVID led to a paradigm shift in pandemic response:
suppression policies, testing, accelerated vaccine production

covid-19 pandemic

. _ o
el health communication
* Still a lot of research to do comparing countries’ COVID u.s.m.,,mm..mlnmdemmlngvm,,,,,,,,,m
. . crisis communication
experience — some did much better than others “::;:fﬁﬁsﬁ%iise““ment analvs|s
. . . . . information ' social dlslancmg
* Need innovation in transmission models: haven’t evolved ,a"ﬁc,,";:,',‘smn!s.nlm!] rma,tlnn“'“"gh
much in 20 years vacgll::ltmln n Icﬁentlsﬁf'es"ﬁ"t"
nandemlcs anea"’esss'“l“s
* Given its role in informing policy, need to expect and prepare mane) hllc healthsoclalnetwnrks
for modelling being emmeshed in politics cont!mlnmqgtmnsnclalln gomeemll‘ﬁms

Sosn lesinis social networking (online)

» Data-sharing can’t be relied upon — intrinsically political, and machine learning Sars-cou-2
requires incentives

* Need to build global capacity, especially in LMICs — all
countries used modelling in 2020, but major HIC centres had
limited capacity

Michailidis et al., Information, 2022

» Better pre-packaged software tools will help, but skilled and
experienced analysts still essential



