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A whistle stop tour of work done by many

* Why are people like cows?
* Building on previous work

* Regional differences in case ascertainment
» Useful insights arise from practical questions

 Random Forest models of vaccination and omicron spread
* Working in the new world of complex datasets

* Working with the Scottish Govt and SPI-M.

* Simplest is often the best.



Why are people like cows?

Building on previous work: a model of bovine Tuberculosis in cattle and badgers



Modelling bovine Tuberculosis in Badgers & Cattle

12 million agent simulation model of all recorded cattle
movements in Great Britain, fitted to observed regular testing data
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Model fit using Approximate Bayesian approach (ABC-SMC)
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SCoVMod fit
to initial
epidemic

Initial model fitted to

Number of deaths per
Local Authourity per
week

Number of datazones
(6K in Scotland) with
deaths per Local
Authourity per week

Used to provide weekly
“Medium Term
Projections” to the
Scottish Government
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Early evaluation of the potential for Omicron variant spread
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Use SCoVMod to evaluate what combination of

e escape from prior immunity (natural plus vaccination)
plus

* higher transmission rate

Could result in observed patterns of transmission in early

December 2021

Model results showed a substantial increase in cases
even if measures were immediately put place
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But the omicron emergency ‘fizzled out’
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(Scottish Contact Survey)



But the omicron emergency ‘fizzled out’
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Regional differences in case
ascertainment

Useful insights arise from practical questions: How do we estimate true incidence
from case data?



Evaluating case ascertainment

* Initial efforts focused on modelling deaths (sporadic testing results)
* How should we incorporate case data?

* Two key datastreams:
* ONS surveillance (overall prevalence of disease)
 Self-reporting via community testing (symptomatic



Cases

Percentage of people
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reported pillar 1 & 2 cases on day t

Claim that true
incidence can be
estimated by exploiting
ONS surveillance data

= number of test-positive people

What is the relationship
between ONS positivity and
Pillar 1 & 2 test cases?
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With some
careful book-
keeping ...

Probability of
acquiring infection

day after symptom
on day X

onset
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Probability of a
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day T given
infection on day X
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Percentage of infections
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Consistent
differences in
ascertainment by
age

Variant
dependent
differences in
ascertainment by
region
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Reproduction rates of COVID-19 also vary by
_ocal Authourity
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Random Forest models of
vaccination and omicron spread

Working in the new world of complex datasets: Can we explain the variation
observed at regional levels?



COVID-19 has generated an unprecendent
volume of disease relevant data

e Community testing data to * Negative test results
estimate incidence « Commuter patterns
* PCR .
* Mobility patterns

* Lateral flow tests
* ONS survey of prevalence * Contact tracing app (“pingdemic”)

« REACT Survey * Demographic data
* Deprivation

* COMIX * Ethnicity

e Zoe App * Age

* Viral sequence data * Gender

* Vaccine uptake
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Testing and positivity - week ending 2022-03-19
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75+ 75+
70-74 70-74
65-69 65-69
60-64 60-64
55-59 55-59
50-54 50-54
) S 4549 S 45-49
S S 40-44 s 40-44
3 % 3034 % 3094
< < 25.29 < 2529
20-24 20-24
15-19 15-19
10-14 10-14
05-09 05-09
00-04 00-04
5 6 1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
SIMD Decile SIMD Decile SIMD Decile
The feweSt rests _ _ -
LFD tests / 1,000 Positives / 1,000 Posivity
recorded 0 35( 0 40 0 0.6
PCR Tests / 1,000 PCR Positives / 1,000 PCR positivity
75+ 75+ 75+
70-74 70-74 70-74
65-69 65-69 65-69
60-64 60-64 60-64
55-59 55-59 55-59
o 50-54 o 50-54 o 50-54
> 45-49 S 45-49 O 45-49
§ 40-44 § 40-44 § 40-44
o 35-39 o 35-39 o 35-39
2 30-34 2 30-34 2 30-34
25-29 25-29 25-29
20-24 20-24 20-24
15-19 15-19 15-19
10-14 10-14 10-14
05-09 05-09 05-09
00-04 00-04 00-04 - T .
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
SIMD Decile SIMD Decile SIMD Decile

PCR tests / 1,000 _ Positives /1,000 _ Posivity -

0 10 0 40 0 0.6



Age range

The fewest tests

recorded
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Vaccine uptake at the
datazone level (< 1500 popn)

+ First dose (absolute)
+ Second dose (absolute)

© Third/booster dose (returning)

i

Uptake \ Substantial deficit in vaccine

awfair - - 0% . .
/ et e L uptake associated with rural
Midlothian | e
First (abs.) 88.3% ﬂJ i :8; daCcess (11th Nov 202 1)
Second (abs.) 79.9% 1 000/:

Third/booster (returning) 36.5%



Vaccine uptake at the
datazone level (< 1500 popn)

Dk
{
B Can we use demographic data
to better understand causes of
lower vaccine uptake? Z
uuuuuu 0 \ Substantial deficit in vaccine
- pocosloFuraprs oo uptake associated with rural
Fre o 80.3% e - access (11t Nov 2021)

Second (abs.) 79.9%
Third/booster (returning) 36.5%
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Random Forest Models

e Supervised learning
(training datasets)

* Ensemble of sub-trees
(limited number of
features and sub-sample
of data)

* Avoids overfitting even
when data variance is
high (i.e. doesn’t fit
noise)



Evaluating vaccine uptake — residuals
from Random Forest model
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Residuals

Lower uptake explained by
deprivation and age.

Residuals from Random Forest
models show areas with
unexplained variation
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Early Omicron age/deprivation/gender patterns
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Some unaccounted for spatial clustering

Model fit
Residuals
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Census issues (e.g. location of student populations & new neighbourhoods)
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Accumulated local effects by predictor
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Some thoughts on working with
the media and government




Working with the media (why its worth it)

* Many scientists spent
considerable amounts of time
informing the public via the
media

* Important to help people
understand the evidence

 Rewarding when you get a
positive response

* Separate out personal opinions
from roles advising government

smc | Science Media Centre

working with us about us publications international smcs contact us

COVID-19

you can find all of our output on the COVID-19
pandemic here

find out more

Thank you Print subscriptions | Search jobs | @ My accountv O, Search ] UK edition v
e @ For200years

Your support powers our independent journalism Gual‘dlan

News website of the year

Opinion Sport Culture Lifestyle More v

The Guardian view Columnists Cartoons Opinion videos Letters

Opinion © This article is more than 1year old

Dominic Cummings
How has Cummings harmed the fight
against coronavirus? Here's the scientific
answer
Rowland Kao



Providing advice @es:
to g O V e r n m e n t Scottish Government Central Analysis Division

Coronavirus (Covid-19): modelling the epidemic in Scotland
(Issue No. 94)

* Working with the Scottish Government Modelling Team

* Weekly “"medium term” projections of cases by Local Authourity/LA
* LA level R estimates

* Analysis of vaccine uptake
* Shared weekly with Health Boards to assess vaccination campaign progress

 Spatial analysis, influence of age and deprivation
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Some thoughts on government advice

* Simpler is often better when situations change rapidly
* Consensus matters (“ensemble modelling”)

* Just because you were wrong, doesn’t mean you made the wrong
decision (and vice versa)

@ﬂbf @ﬂl[@gl’ﬂpb News Ukraine Sport Business Opinion Money Life Style Travel Culture

irus v Royals v Health Defence Science ucation Environment Investigatior

Covid modellers to explain to MPs why
omicron predictions were so wrong

Scientists called before Commons committee to spell out why their scenarios predicting
huge death figures fell short of reality

By Sarah Knapton, SCIENCE EDITOR




Some key questions for the future

* How does immunity decline over time influence the rate of re-infection?
e Vaccination schedules & uptake
* Waning immunity
e Past infection history
* Strain cross-protection

* How do different strains compete in space and time?
e Did omicron act like a vaccine with severe side effects?
 What drives variant emergence?

 What might happen in a winter of flu plus COVID?
* Interactions between testing, isolation and human behaviour
e Hospital burdens and deaths



Computational models plus viral
phylogenetics

— England

—— Wales

—e— Scotland

—— Northern Ireland
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University Of Edinburgh
United Kingdom

Postdoctoral position - infectious disease dynamics incorporating SARS-CoV-2
viral sequence data

We are looking for a postdoctoral scientist with strong mathematical and data analytical skills,
who is interested in applying their skills to working on infectious diseases. The successful
candidate will work on the development of models of COVID-19 incorporating exceptionally well
recorded demographic, testing and viral sequence data, in order to jointly estimate
epidemiological and evolutionary parameters, and inform models of control.

. . . . . . el 5P P P
In this position, you will be a member of a substantial team working on COVID-19 modelling, g + th)

collaborating with Drs. Samantha Lycett (University of Edinburgh), Joseph Hughes (University of
Glasgow), Sema Nickbakhsh and Alison Smith-Palmer (both PHS). Using a combination of
machine learning, mathematical and simulation-based approaches, and subject to an extension of
currently held data agreements, you will analyse COVID-19 data on vaccination rates, cases,
severe cases and deaths recorded at fine geographical scale, and tied directly to SARS-CoV-2
viral sequences (https://doi.org/10.1101/2021.01.08.20248677 ). You will use this exceptional
combination of data to estimate the importance of a wide range of risk factors (including distance,
population density, vaccination proportion, deprivation, and commuting patterns for different job
classes) in determining the rate of spatial spread across the course of the SARS-CoV-2 epidemic
in Scotland. Working with a research software engineer, your work will inform the further
development of an existing large scale agent-based simulation model
(https://doi.org/10.1101/2020.11.25.20144139) currently being used by PHS to generate medium ‘
term projections of COVID-19 cases in order to inform future control policies. Noriher Jistard Wiies

Embed viral
sequence data
into spatial
models
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