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Hawkes process modelling of the pandemic

4th year integrated Master’s projects by Marianna Mafleftherou and by Adam Davison

Students of MORSE (Mathematics+Operational Research+Statistics+Economics),
Department of Statistics, University of Warwick

Supervision Dr Julia Brettschneider

Hawkes Process |

Definition: Point Process

Point processes are a class of random process whose realisations are a set of points on
some given space.

i.e. A sequence of random variables t = {t;, t5, . . ., t4} taking values in a subset of R? .

Definition: Temporal Point Process

Temporal Point process is a point process over time: It describes the occurrence of
random events over time.

i.e. asequence ofevents t={t, t,, ... tg}st. 0t <t,<...<ty



Covid-19 cases

Hawkes process modelling of the pandemic

1. Data from Israel

Vaccine for data deal with Pfizer/BioNTech

(Marianna Mavroleftherou’s project)

Daily counts of confirmed Covid-19 cases
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2. Data from England
ONS/Oxford survey
(Adam Davison’s project)

A Graph to Show Daily Cases and Waves in England
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Hawkes process modelling of the pandemic

Hawkes Process

Self-exciting temporal point process described by the conditional intensity function:

Triggering kernel
Or
l decay function

AO) =u+a Y ygt—t)

Lti<t

Background intensity
Or
Baseline mean



Hawkes process modelling of the pandemic

Number of daily cases (or deaths)

M Od e‘ Setu p [e.g. Rousseau et al 2020]

» It is a natural response to assume that Y(t) follows Poisson( A(t) )

Since Poisson distribution is governed by one parameter A, which is the expected number of
times an event occurs in an interval of time or space.

Hence, we set:

P(Y(t) =y |A)) =

» Further to this:

)[(t)yea(t)
V!

we choose the triggering kernel g() to be the geometric excitation kernel:

gt —t1B) = p(1 - p)F 5

Since it can be shown to be the generalization of the exponential distribution in discrete time.



Hawkes process modelling of the pandemic

Model fitting in practice:

1. Data preprocessing 2. Waves
Small counts, smoothing Piecewise fitting, piques
Daily counts of 2nd wave in Israel
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3. Likelihood function 4. Inference

* ML with Nelder-Mead
 Bayesian posterior MCMC



Deaths

Cases

Hawkes process modelling of the pandemic

English data:
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Hawkes process modelling of the pandemic

Further and future work:

* Models including age
* Including vaccination rates

» Testing coverage/reliability

- Behavioural indicators (e.g. google searches or mobility)
» Lockdown effects

 Events (e.g. football, holidays) and interaction with other factors
» Mixture population

* Regional models



Simulations about Covid management schemes in schools

3rd year project by Jonathan Cordell
Data Science student, Department of Statistics, University of Warwick
Supervision Dr Julia Brettschneider

State Flow
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Simulations about Covid management schemes in schools

Data Structure
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Simulations about Covid management schemes in schools

Base Case
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Simulations about Covid management schemes in schools

Scenario 1: Testing

PCR 1 p/w

Individuals

9 - | "mhml” name PCR 1 p/w Less Sensitive 3 p/w
e totalQ 1633.8  1206.3
. “H"NHH“”WHH i aveQ 878 650
1 14 29 44 59 74 89 107 127 147 167 finall 169.2 177.8
Days infectionEnd 119 NA
overThreshold 16.2 2.9
Less Sensitive 3 p/w meanVar 2.0255380 0.9610914
classMax 8.5 5.6

percVacclnfected 0.723913 0.826087
percUnVacclnfeced 0.9142857 0.9742857
total Tests 1756.3 4604.1

Individuals
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Simulations about Covid management schemes in schools

Masks
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Simulations about Covid management schemes in schools

Further and future work:

* Vaccinations
- Fitting/comparing with real data

- Case study based on data from a secondary school



3 Microscopic imaging of blood samples in (long) Covid

4th year integrated Master’s projects by Marilena Diamantidou and Grace Barnes

Students of MORSE (Mathematics+Operational Research+Statistics+Economics),
Department of Statistics, University of Warwick

Supervision Dr Julia Brettschneider
Data from experimental work by Pretorius et al., 2021




3 Microscopic imaging of blood samples in (long) Covid

Challenges:

» Diagnostic criteria

* Treatment

* Progression

» Timing of intervention

- Automation of diagnosis



3 Microscopic imaging of blood samples in (long) Covid

Challenges:

» Diagnostic criteria

* Treatment

* Progression

» Timing of intervention

- Automation of diagnosis



Confocal microscope

Wide-field microscopy:

* All of specimen excited at
the same time

* Large unfocused
background

Confocal microscope:

* Field of view limited by
geometric optics

* Pinhole in front of the detector
to eliminate out-of-focus signal

* Long exposure required

» Scanning arrangement to build
up image of larger region

e Better resolution

Confocal —

microscope / laser

confocal
__pinholes

=

beam splitter

objective ~_ )
out-of-focus / in-focus
\ _—" plane

planes x
https://www.britannica.com/technology/microscope/Confocal-microscopes

detector

© 2012 Encyclopaedia Britannica, Inc.



Fluorescent microscope

Fluorescent microscope: detactor Filters out entire excitation
* high intensity light source range and transmits
* excites a fluorescent species [ Ocu,ar] ﬂ‘:ﬂ% fogtf eer’S emission range
In a sample
« Sample emits different | ,/
wavelength
dichroic mirror
Reflects excitation signal — 7 =
towards fluorophore and light source
transmits emission signal excitation filter
towards the detector [Obje Ctiva Filters out all wavelengths
of the light source, except
‘ fluorophore’s excitation

range

[ ]
specimen

https://www.wikiwand.com/en/
Fluorescence_microscope



Confocal fluorescent laser microscope

Fluorescent confocal microscope:

« Combination of two ideas in microscopy technology
 High resolution images

e Life cells

» 2D or 3D through scanning schemes

e Multi-channel through use of range of fluorescent proteins

https://www.biocompare.com/25608-Microscopes-and-Cell-lmaging-Systems/14617250-ZEISS-LSM-980-Confocal-
Laser-Scanning-Microscope/?pda=25608|14617250_0_1|2254289,2254327|1|&dfp=true

https://en.wikipedia.org/wiki/Green_fluorescent_protein#/media/File:Fluorescence_from_Fluorescent_Proteins.jpg



Example:
3 components in dividing human cancer cells

Scanning scheme for
fluorescent imaging:

* Blue: Chromosomes (DNA)
* Green: INCENP (protein)
* Red: microtubules

* Fluorophores imaged
separately using different
excitation and emission filters

* Images captured sequentially

e Overlaid



http://www.intechopen.com/books/novel-gene-therapy-approaches/identification-and-validation-of-targets-for-cancer-immunotherapy-from-the-bench-to-bedside

Microtubules formation during mitosis

https://science.sciencemag.org/content/300/5616/91/tab-figures-data



3 Microscopic imaging of blood samples in (long) Covid

COVID-19: the rollercoaster disease

Normal compliant lung function that progresses to low compliant lung function ("stiff” lung)
Optimal time for
o intervention
Disease severi

Abnormal Clotting

t  Fibrintogen

Fibrin(ogen) 0
VWF - Bleeding and Thrombocytopenia
? em——eae—
P-s e e L 3
3 s Fibrin(ogen)
Normal to
slightly & ® A
increased, but  p.pimer ‘ VWF
can increase
rapidly P-selectin
4 oo
D-Dimer

COVID-19 Personalized Treatment

* Cytokine storm

Challenges:

» Diagnostic criteria

* Treatment

* Progression

» Timing of intervention

- Automation of diagnosis



3 Microscopic imaging of blood samples in (long) Covid

Spatial point processe models for platelets in Covid blood samples

(a) (b) ()

Original microscopy images of (a) Covid-19 case subject 7, image 4, (b)
Control subject 2, image 4, and (c¢) Control subject 2, image 7.

o
Qo

Spatial point patterns of (a) Covid-19 case subject 7, image 4, (b)
Control subject 2, image 4, and (c¢) Control subject 2, image 7.



3 Microscopic imaging of blood samples in (long) Covid

K(r)

K Function of Individual Five Control Image Four K Function of Individual Five Treatment Image Four
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Controls showing patterns corresponding to being completely
spatially at random



3 Microscopic imaging of blood samples in (long) Covid

Morphological measures

Circularity:
ratio of the surface area of an
object to the square of its perimeter (Cox [1927], Leach [2013]). Mathematically,

Mpr = ——
J p2

A : surface area, and P : perimeter. Circularity is

Roundness: Voo — 4A
RN — 2 )
D

max

Dax : maximum diameter, A : surface area and where the
diameters are calculated using euclidean distances. Roundness is essentially a ratio



3 Microscopic imaging of blood samples in (long) Covid

Circularity of points

0.9

o

L J ° .
’ 0.12
)
. ‘é‘ ’
4 6
P Q_
—
o
2
ey, s S R +0.08- r
3 ---------------
P —
. 2 |  lssssssss o
L ]
0.04 1
L J
y 3
¢ i
control covid control ovid
group group
(a) (b)

Boxplots of the circularity index, for observations divided into controls
and treatments. Figure (a) uses as scores the average values of circularity indexes,
and Figure (b) uses as scores the overall minimum circularity. Medians are indicated

by solid horizontal lines and means by dashed horizontal lines.



3 Microscopic imaging of blood samples in (long) Covid
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Boxplots of the roundness index, for observations divided into controls
and treatments. Figure (a) uses as scores the average values of roundness indexes,
and Figure (b) uses as scores the overall minimum roundness. Medians are indicated
by solid horizontal lines and means by dashed horizontal lines.



