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disclaimer: my background

® many aspects of this talk outside my

“core” competence
(theoretical particle physicist by training)

® background in high-precision modelling
for Large Hadron Collider

® relatively simple simulation task:
first-principles theory, data-rich environment, high-quality data

® code: SHERPA (250,000 lines in public release, about 20,000 CPU
years per year of simulation run by users)

® used to analyse data (by comparison with theory)

(the work by our experimental colleagues)

® used to suggest new analyses/analysis strategies
(routinely using ML techniques)
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Outline

@ Data Science: Context

@® Monitoring Plant Health

© Modelling Reality: Epidemics

@ Modelling Reality: COVID-19 in Cox’s Bazar

® Summary & Outlook
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Data Science in Context
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two (extreme) views of data science: goal-driven

(“how to extract knowledge from data”)

® data science = statistical data analysis + computational methods

® self-contained field of study and research: e s
" ” / ics: Y Computer Science:
all data are created equal i e G
\l‘llachlneLeammg’/ leural Networks
(and are equally “good” - blind to provenance) T
. " . " . data‘l\ context for
® relatively “blind” to domain knowledge analyse - " e
. "'/ Application Area:
® challenge: select/create best suited method T

A Data

for data type and range:
e.g. training vs. validation
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Context
[e]e] o]

two (extreme) views of data science: method-driven
(“how to treat data”)

® data science = solutions in life-cycle of data
® mandatory collaboration of technology and domain knowledge

Storage ‘ Analysis ‘ )
Collection Ly |Interpretation

Management Visualisation
Processing

/// Z 5 1 B - g i 77777 PN
uisit Y Statistics "/ Understanding "\
e cuihties ( Open Access ( Machine Learning '\ Modelling \

Digitisation ¥ \ Libraries / Pattern Recognition | | Predictions

Imaging 4 . Indexing ' \_  Presentation / . Decision Support

— > < - ~ ~ ~ o

>

Theoretical, practical, ethical, and legal questions along the way
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example applications of data science: bird's eye view

® purist (particle theory): near perfect, well-understood data
mainly statistical interpretation and parameter fitting
(e.g. discovery of new particle according to pre-defined statistical threshold ... )
® opportunist (amazon): good data, not particularly well understood
mainly pattern detection and optimisation of choices

(important factor here: cost-benefit of storage, analysis, ...)

® pragmatist (public health): messy data, often badly understood
mainly understanding reality and models for decision support

(challenges: provenance, quality, and context of data; complex, hard-to-model reality)
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Plant Health
@000

Monitoring Plant Health
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Plant Health
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coffee in Thailand

(work by my Durham colleague Anthony Brown)

® valuable traded good: coffee
(total value about $36B)
® stable cash-crop for many LMICs
® threatened by coffee-leaf-rust (CLR):
not curable, highly contagious

® infected plants must be quickly
identified and destroyed

® plantations often on steep hills:
impediment to inspection
= UAVs (drones)
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Plant Health
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coffee in Thailand: bespoke solution

(work by my Durham colleague Anthony Brown)

o rypd

green control rust green rust arabica /geisha

e ‘“different greens” — that will do
® quantitative identification through spectral analysis of reflected light
® database with 100's of labelled /identified reference spectra

(this data acquisition is the “manual” part of the project)
e PCA + ML — 4 critical wavebands
® |ovely, BUT ...
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coffee in Thailand: bespoke solution

(work by my Durham colleague Anthony Brown)

green control rust green rust arabica/geisha

100%
A Bloe

g
2

: ® typical pass bands of commercial
[ multi-spectral cameras

2

Filter Transmissivity

ol \_ . . -
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coffee in Thailand: bespoke solution

(work by my Durham colleague Anthony Brown)

o rypd

| rust green rust arabica/geisha

green contro

® typical pass bands of commercial

\ e[| G ] et multi-spectral cameras
P~ I ® not covering critical regions
® need to build bespoke camera:

mobile-phone cameras plus filters

40 450 S0 550 600 650 700 750 80 850 900
Wavelength (nm)

® tests in the field as next step
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Plant Health
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mangrove surveying and identification in Suriname
(work by my Durham colleagues Anthony Brown and Isabella Bovolo)
® protecting and stabilising coastlines
® contributor to biodiversity

® but: threatened by climate change -
— need to monitor

® three species with subtle differences
in Suriname: black, red, white

0.8
I

Reflectance
0.6
I

0.4

® multi-spectral, encore?

0.2

(tested tool-chain)

0.0

T T
500 1000 1500 2000 2500

Wavelength (nm)
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Plant Health
[e]e]e] )

mangrove surveying and identification in Suriname

(work by my Durham colleagues Anthony Brown and Isabella Bovolo)

® protecting and stabilising coastlines
® contributor to biodiversity

® but: threatened by climate change
= need to monitor

® three species with subtle differences
in Suriname: black, red, white

® multi-spectral, encore?

(tested tool-chain)

Reflectance

® insufficient discriminatory power
3-D point cloud <+ shapes?

500 m‘nu 15‘00 2000 2;00 ® tests unde rway

Wavelength (nm)
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COVID-19 in England
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Modelling Reality:

June & COVID-19 in England
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motivation: why granularity matters

® impact of COVID=19 highly age-dependent

— need geographical granularity for regional planning

(coincidence: Durham hosts & maintains England & Wales census data of past decades)

Age profiles
North East England & Wales
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COVID-19 in England
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example data inputs: demographics

® last census (2011)

(data freely available from Office for National Statistics)

® build virtual population in OA:
age, gender, ethnicity,
® hierarchical data structure deprivation index

® example: Durham

local authority super area | ) female
districts (MSOA) -
North East => 26,000 output areas area (OA)

® OA’'s with ~ 250 residents,
with similar characteristics
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COVID-19 in England
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example data inputs: daily activities

® time spent on activities known from ONS surveys

(this changes under lock-down)

® translate into age-dependent probabilities for activities

Weekday time fraction
T T T

T
. JUNE
free time survey

109 7

107t

10-#

102

household

commute
visits
grocery
pub

work/school
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COVID-19 in England
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example data inputs: social mixing matrices
® social mixing matrices from PoLYMop and BBC Pandemics project

J.Mossong et al., PLoS Med 5(3) e74, https://doi.org/10.1371/journal.pmed.0050074;
P.Klepac et al., https://www.medrxiv.org/content/10.1101/2020.02.16.20023754v2

denote number of contacts of person with age i with person of age j
tricky: averages over full population (good for compartment models)
broad agreement with input from surveys: important closure test

(in JunE contacts also depend on composition of environment)
® example: household interactions vs. BBC pandemics project

(census has 4 categories of residents: kids, young adults, adults, old adults)

10 10
BBC Pandemic Matrix (all_home)

Interaction Matrix (IM) Output Contact Matrix (NCM_R)

old_adults

contact age group

age group
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COVID-19 in England
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example data inputs: outcomes of infection

® tiring data-mining exercise with inconsistent and often contradictory
data

® extra difficulty: include care homes (CH) vs. general population (GP)

GP Male GP Female CH Male CH Female

Max. symptoms
B asymptomatic BN severe ICU/ITU dies ward
BN mild ward dies residence BN dies ICU/ITU
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COVID-19 in England
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JUNE simulation content - summary

Population
People Locations
iere peste tive - dependnt, conseucted fron data
setold stze 308 L
Saoms
ceprttion The conblnation of the population
siructure snd deoaraghics, pslacin
> behaviour and the dises:
- character totics deternioes the course
Interaction of the eptdentc and ultinately the
Activities ) [Locotions ) [ Fovement Wixing aunber of tnfections, hospitalisations,
and deaths
ok/scheot offices urtotacs| | o they coute | [l rny conacts
Sron ettty roten reple 1n
e P e v, | [ tnre ey 0 o L
ferecigpess aictiy p—
contct 1 sch
ouscotd vstes | [ouser musebos | [shere thy viste | [irprof tocotion
cire b
Disease
Characteristics Disease Progression
Policy alters the woy | [sscestibttey Aomptamaic carrtoge
the popatation behaves | | . R
MHospitalisation ratios and tinings [
retabticy of desth
Policy
Restrictions on novement Reducing transnisston
ok trom one Soctat. dstancios
Soont / bustss closre fecetveness of these pottctes

B3ns on household nixing
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COVID-19 in England
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Results for 15 wave: fatalities

e 15t wave: deaths in hospitals - regional distribution

Daily hospital deaths in regions of England
London vidands
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COVID-19 in England
0000000800

Results for 15 wave: fatalities

e 15% wave: deaths in hospitals - age distribution

Daily hospital deaths in England by age
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101 — JNE 5
“ H — Hosptal deatn (data
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COVID-19 in England
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Results for 15 wave: fatalities

e 15t wave: all deaths - distribution of location

Breakdown of location of death in England

— Total (UNE)
Hospital (JUNE)
— Care homes (UNE)

Hospital (Data)
=+ Care homes (Data)

202003 207004 2020.05 2020.06 20007 202008 202009
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COVID-19 in England
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Results for 15 wave: social imbalances

® |ook at cumulative infection rates until a0
July 2020 in dependence on 22 B i

® household size s /+

® ethnicity

Prevalence in group
~ B
R

=

® nota bene: all imbalances only due to
differences encoded in census data

4

5
Housenold size

JUNE
17.5 1 == Ward et al (2020-07-13)

15.0

Prevalence in group
g
s

White
Mixed
Asian
Black
ther
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COVID-19 in England
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A spin-off: measles in New Zealand
(from a collaboration with ESR New Zealand)
® ESR team adapted JUNE to measles in New Zealand

(population & disease characteristics)

® validated model
® projected results from different vaccination regimes

JUNE-NZ validation, Manukau DHB

—— Observed cases

100 A

801
@
i
@
S
5 604
@
2
E
S
Z 40

204

01— T T T T
29 32 35 38 41 44 a7
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Epidemics in Refugee Camps
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Modelling Reality:

Epidemics & JunE in Cox's Bazar
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Epidemics in Refugee Camps
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background: Cox's Bazar

@ largest settlement in the world

@ in some areas, the settlement is denser than
New York City

@® high risk of COVID transmission

“ox's Bazar Settlement




Epidemics in Refugee Camps
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input data: demographics

® high-quality data thanks to WHO census
® need to adapt demography & distribute over households (=shelters)

JUNE-Cox JUNE-Cox JUNE-Cox
Reported 80 Reported
12} q
20r 0
0} ]
60
sp 150
t ol 10
30
e ]
2 5L 20
o 2f ]
s 10
o = 0 0 0
b o o e e 0 5 10 0 10 1 2
Household size Shelter size Families in shared shelters
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VID-19 in England Epidemics in Refugee Camps
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input data: social interactions

® no data available = mixed method approach:
questionnaire in simplest categories + digital twin of population

(this is the first attempt ever in a refugee/IDP camp setting! important input for compartment models)

e different places for interactions: shelters (see below), distribution
centres, communal kitchens, pump & latrines, mosques, etc.

Interaction Matrix (IM) Output Contact Matrix (NCM_R)
50
10! -

intra 2.00 5.00 i 100
- 5 40
g g
g &
H £30 [ .
H] o g 1
g 10 £ L = 107t
] g
: T} B

inter 5.00 2.00

0 10 20 30 40 50
& age group

P
%

“n

“

age group
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Epidemics in Refugee Camps
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input data: infer health impacts

® no data available = infer from UK data

® need to account for difference in life expectancy (model!)

Av if A < Acut—off
Ap =

LE| _Acu -0l H
(A — Acut—ofF) [%} , if A> Acutoff

with A = age and LE = life expectancy.
® need to account for co-morbidities in Cox' Bazar (CB):

Pcg(severe| ¢, age, sex) = v Ac Pyk(severe | age, sex)

with v overall scaling and A, risk multiplier
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Epidemics in Refugee Camps
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example results for wild-type (until March 2021)

¢ identify deaths in various ways: excess deaths (when camp was
closed down) or “certified” by trained health visitors/workers

® wild-type was slowly replaced by Delta variant at about week 60

|
Weekly deaths Weekly deaths
P Z
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Summary & Outlook
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Summary
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summary

® data science

® important addition in the scientific canon:

permeating all fields of research: (nearly) everything is data
® we live in the era of data: data science is here to stay
® important to treat it with professional respect

® showed 2% applications of data science modelling:

® monitoring of plant health and early warning of pathogens
® |arge-scale modelling for public health

(direct ramifications as decision support for governments etc.)
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Summary
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some final thoughts on (data) science

® language: parametrizations vs. models of reality

(black box vs. grey box or description vs. understanding)

intellectual ownership: provenance, quality, meaning of data

(added value of results without context/interpretation)

® uncertainties: how to have robust estimates

(importance for decision support: necessity to estimate risk vs. reward)

® accuracy vs. precision

(they are not the same! you can be precisely wrong ... )
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final-final thought

UNTIL YOU SPREAD YOUR WINGS,
You'll Have No Ipea How Far You CAN WALK.

and Realit;
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