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Enclosed Societies

« What did we

Fal

know before?

Literature review for Flu.

Background (R, = 1.50) and 50 random carehomes (R = 3.00) epidemics
0.09 - p = 0.70; 8960 out of 15540 infected (57.7%)

0.08 -

Background epidemic
Carehome sizein[1,7]
Carehome sizein[ 8,17 ]
Carehome sizein[ 18, 30]
Carehome sizein[ 31, 48]
Carehome size in[ 49, 215]
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Effect of "cocooning” on numbers in hospitals and deaths (457271 vulnerable people)

(reducing risk of introduction in carehomes)
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Reported outbreaks over time
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There are
N=15517 care
homes in
England
Steady state of
190 outbreaks
per day possible.
With a 5 day
generation time
and 4
generations of
disease and 14
day observation
then...

P=0.41

Modelling for social care



Methods/Results - Spatial
distribution

MANCHESTER

prediction of outhreak risk

Presence/absence of outbreaks
Aims to support decision making
of DPHs

— Should they test care homes
near

current outbreaks
— Or randomly in space.
32% National average (at time)
Use GAM (Gaussian Process)
with binomial family
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Ethnicity group 1.
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Children’s Task ATON
and Finish '~\:¢\
Working Group ‘§>
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Hospital Onset PR
COVID-19 f L/ /7
Working Group Y
/ /1
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Care homes 7
group /7
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CO-CIN /
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1
COG-UK (
—_—> Reports to SAGE
- Provides independent advice to

SAGE

Groups feeding into SAGE

NERVTAG

COBR

SAGE

L

SPI-M

SPI-B

EMG

New and Emerging
Respiratory Virus Threats
Advisory Group.

Provides independent
scientific advice to the
Chief Medical Officer and
DHSC on threats posed by
new and emerging
respiratory viruses and
options for their
mitigation.

DHSC-led.

Scientific Pandemic
Influenza Group on
Modelling.

Provides advice on
infectious disease

modelling & epidemiology .

Products:
-Consensus statement
-Short- and long-term

scenario forecasts.

DHSC-led.

Scientific Pandemic
Influenza Group on
Behavioural Science.

Provides advice the
behavioural science
aspects of the Covid-19
outbreak.

Products:
- Consensus statement.

SAGE-led.

Environmental and
Modelling Group

Provides advice on
transmission of the virus

and mitigation measures

HSE-led

Reports to CMO
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April 2020:
September 2020:

Sage Social Care Working
Group — Core group & Expertise

Statistical
Modelling

Local
expertise

Social Care
Working
Group

Care of the
Elderly medical
consultants /
clinicians

Epidemiology

Mathematical
Modelling

Virology

Group started as ‘Sage Care Home Working Group’
Wider remit, clearly defined core members & new Terms of Reference.
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Forecasting

Confirmed CQV deaths
England until 2022-03-16
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Plateauing recent trend, may be decreasing 0.784
Projected new events in next 14 days: 185 (96,334)
Projected new events in next 14 days from regional model: 175 (52,453)
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el Case fatality ratio within care
1

324

Uses CQC death
notifications and P1 and
P2 positive tests matched
to care home location
and age

Allows for delay from
positive test to death
Gives 14% CFR in ‘stable’
data period with
appropriate age filters
Highly variable

Daily case fatality risk

homes

1.0

—— Backwards (10-day shift) - PHE
- Forwards - PHE
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How do we create a visitor policy that is
safe but enables residents to see their
family? Alexander Thompson

Potential harm caused by isolation
Homes in different areas of high / low prevalence
Each individual and family member may have a different view on safety vs quality of life.

Trade-off
A
Lost capability Lost capability
Policy Policy
: F e & Care home Visitations / partial TS ncreased risk o ’
Early mortality Reduced well being auses harm < Isolation < AN > Vistations > auses harm > : ; Early mortality
Lost health-related

Lost health-related — I
el Suall

i € - Other »
quality of life —_— ... toff St quality of life
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Quality adjusted Life Years...

TeauepIoY

QALYs I d isol.
IHIHTHIT

APy

Duration of isolation (mo)

Modelling for social care

But does the QALY
capture necessary
Impacts on wider
wellbeing and health
(ASCOT).

Need to integrate with
epidemic models

10
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Hazard profiling

Ingress hazard * Examples of
(connection to

interventions: testing,
limiting movement,

community and other vaccination, Infection

care setting) (IPC)

Transmission hazard

prevention and control

* Examples of
interventions: IPC,

(contacts between social distancing,

staff and residents)

vaccination, isolation of
cases

Outbreak hazard « Examples of

interventions: testing,
(CIOSEd' densew compartmentaisation,

networked setting) vaccination

Severe outcomes

(hlgh |y Vulnerable * Examples of interventions:

vaccination, timely antiviral

residents - age, treatment, oxygen, steroids.

frailty, co-morbidity)

Modelling for social care
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Severe
outcomes

*Vaccination of residents, staff and visitors

e |solate or cohort infectious or potentially infectious residents

* Avoid symptomatic people visiting

¢ Financial support for staff to isolate

e Test residents on admission and on return from hospital, test visitors and staff

¢ Avoid cross-deployment of staff, limit or stop inward/outward visits, accommodate staff separately from family

* Vaccination of residents, staff and visitors

e Isolate or cohort people with symptoms or confirmed infection

* Optimize ventilation

* PPE

* Financial support for staff to isolate

« Facilities to reduce fomite transfer (e.g laundries) and quarantine materials and equipment

* Test residents on admission and on return from hospital, test staff and visitors

* Mask use by staff and visitors

 Social distancing where possible, limit close interactions between residents, limit visitor numbers

*Vaccination of residents, staff and visitors

e Isolate or cohort infectious residents

e Cohort staff to infected/uninfected residents

¢ Financial support for staff to isolate

¢ Social distancing where possible, limit interactions between residents

* Repeat rounds of testing to determine whether onward transmission still occurring, further limit visitor numers

*Vaccination of residents, staff & visitors.

¢ Antiviral treatment for residents and staff with infection

e Supportive care in the care home including oxygen, fluids, and steroids
¢ Admission to hospital if appropriate

¢ Rehabilitation and management of long COVID

S N N

Modelling for social care
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Fraction infectious out of isolation
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Viral-load-based models

—@— Allinterventions

—@— PCR after + LFD before
—@— Dally LFD after + LFD before
—@— LFD before only

™ A - PCR after + Daily LFD

A - PCR after only
~ A - Daily LFD after only
— A& - No interventions
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Days since arrival
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Mean Infectious Days
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Daily LFDs + Weekly PCR

Daily LFDs

B 70% LFD compliance
= 40% LFD compliance

Status Quo

3 LFDs

14-day rand. PCR
14-day conc. PCR
2 LFDs

Scenario

100

Viral load (log10 copies/ml)

100

Model 2 (Kissler et al. data)

= - median
mean
X )
N -“‘
.
Qe
\.
LTRSS
10 20 30

Days since infection

Ke et al. parameterisation

- - median
mean

Days since infection

Ke, R et al. '‘Daily sampling of early SARS-CoV-2 infection reveals substantial heterogeneity
in infectiousness’, Medrxiv 2021.
Kissler, S. M. et al PLOS Biology 19(7), e3001333. 2021
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« Behaviour and acceptance is critical to efficacy
for testing.

« Sensitivity and specificity vary over time
o
.

Reduction in infection potential (p)

2 4 & 8 10 12 14
Days between tests

Modelling for social care 14



MANCHESTER
1824

The University of Manchester

The role of adherence

Type Of 10'['}Leaky" adherence: 2021 sens., 45h TaT "Alltgr—nothing" adherence: 2021 sens., 45h TaT
adherence
80 80
matters: 5 =
Leaky: Everyone takes g 60} | | E e i |
next test with same 2 i | - |
Q @
probability g 401 £ 407 . —
. < LFD adherence = LFD adherence
AoN: Fraction of people = 00% o oe0% | 100% 1 60%
do all tests, fraction do 2 . 2] .
none 70% B 30% 70% B 30%
> = 4 o = e
5 g 5 2
i - ; ;
Strategies with 5 5
5 p 8 -

high frequency are
most affected by
this difference
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patient No.1st 635495

credit interval for simplified model.

PROTECT

A COVID-19 National Core Study

patient No.1st 634105

=¥ JUNIPER

patient No 2nd 647785
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Correlation with ONS CIS

Positive cases
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Instantaneous growth rate
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Mean number of positive cases per outbreak

All COVID-19 incidents and outbreaks by date of outbreak start

o
= y
by date of first test (last date: 2022-02-05) = T
o | o :: :
oS - . [
o) o HE
v} -- -y
g ;
0 - L
o \ ot
~ -4 e o :w !
T T 1T T T T 7T 7T T T T 7T 7T T T T T T T T T T 71 v - li vl
03-20 06-20 09-20 12-20 03-21 06-21 09-21 12-21 % ‘ ‘ ‘
D. m — . - iy . SRR
Time o) {
0
E
Plateauing recent trend, may be increasing 0.65 2
Projected new events in next 14 days: 1072 (572,1986) 5 | i
[
= o . i I‘ .................................
o | 3 - - — Total —— Recovered
o o —— Resident ---- Ongoing
- -~ o
0 A
S =
Ll ) vy
| L D L A D D D D D D D N B | —
03-20 06-20 09-20 12-20 03-21 06-21 09-21 12-21 e T

03-20 06-20 09-20 12-20 03-21 06-21 09-21 12-21
Time

dailymergeS$date

Modelling for social care 18



Summary
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« Data was weak...

* ... got better but not perfect. Currently few
negatives reported.

« Hard to evaluate specific interventions

« Eager to build in future research and look at
acceptability

« Testing residents may not be viable

« Home care and other settings critical.
 Staff data linked to workplaces adds value.
* Timescales for reporting are short!

Modelling for social care
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