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Overview of key tools and approaches for outbreak reconstruction, inference and simulation

A Frequentist approach to outbreak reconstruction: Cottam UK FMD 2001, 2007

Bayesian inference and approaches

* Some of my examples: FMD Japan 2010, M.bovis in New Zealand

* Gentle introduction to Bayesian inference for analysing epidemics
« Key tools for outbreak reconstruction and parameter inference

« Key tools for outbreak simulation: in peace-time and real-time

« Links to Bayesian approaches and genomic data

« Comparison of the accuracy of outbreak reconstruction algorithms
« Extension of the best model into BORIS
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i Inferring who infected whom: examples

Integrating Genetic and Epidemiological Data to Determine Transmission Pathways of FMD UK 2001
(Cottam et al, 2008a)

Rank all possible genomic parsimony networks by ‘epi’ likelihood score.
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iz Inferring who infected whom: examples

Transmission Pathways of Foot-and-Mouth Disease Virus in the United Kingdom in 2007
A

(Cottam et al 2008b) i IPsb
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http://journals.plos.org/plospathogens/article?id=10.1371/journal.ppat.1000050



http://journals.plos.org/plospathogens/article?id=10.1371/journal.ppat.1000050

FMD in Miyazaki Prefecture, Japan 2010

292 premises detected as infected

nearly 290,000 animals were culled

economic impact = USD 2.4 billion

suspect ‘source’ farm #6, detected after index #1

sequences available on 104 clinical samples
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FMD Japan 2010:

Temporal risk windows

Transboundary and

Emerging Diseases

Original Article = & Full Access

Reconstructing a transmission network and identifying risk
factors of secondary transmissions in the 2010 foot-and-mouth

disease outbreak in Japan

Yoko Hayama X, Simon M. Firestone, Mark A. Stevenson, Takehisa Yamamoto, Tatsuya Nishi, Yumiko

Shimizu, Toshiyuki Tsutsui

Numbsr of events

Doubling time: 12 days (95% Cl: 11, 15)
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16-May —

Ro: 1.40 (95% Cl: 1.33, 1.46)



Inferred network (i=10,000)
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Inferred network in arbitrary space
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FMD Miyazaki Prefecture, Japan 2010
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FMD Japan 2010: inferred parameters

Model parameter mm [95% HPD] 0.5 _
Inferred spatial kernel
) substitutions o
mutation rate 1.83x 10 . [1.63,2.06] x 10~ © 047
site! day! c
delay from origin t 2o
elay from origin to %
Y 5 . 29.4 days [25.4, 47.3] &
outbreak detection =
o 0.2 1
number of farms 2
: . 13 IPs 10, 18 S 01
infected at detection [ ! 2 04
incubation period 3.0 days [1.3, 8.9] 0.0
latent period 7.1 days [5.6, 8.8] 0 ° 10 15 20 25 30

Distance from infection premises (km)

infectious period 15.2 days [13.6, 17.2]




i2d FMD Japan 2010: inferred parameters

Model parameter Predominant species m [95% HPD]

cattle Reference

Infectivity pigs 14.7 [7.21, 30.2]

sheep & other 0.60 [0.03, 3.43]

(no. animals)* 0.08 [0.00, 0.23]
cattle 1.0 Reference

Susceptibility pigs 0.21 [0.01, 1.02]

sheep & other 0.50 [0.02, 3.53]

Effect of farm size (no. animals)* 0.16 [0.07, 0.24]
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i Inferring who infected whom: examples

Mycoplasma bovis in New Zealand (detected July 2017, ongoing)

Mycoplasma bovis :
Mycoplasma bovis ' g Biosecurity New Zealand

Working together with industry, we  [gradication Programme update ) (AL e e
aim to eradicate Mycoplasma bovis
from New Zealand.

To date, there have been 209 Confirmed Properties

49 — 43
189 N2
160
54
Morth Island Active Properties Dairy Beef
South Island Cleared Properties Other

(Ona As at 10am, 20 November 2019 i, for primary inas

stries  MRCT
I

Manatd Ahu Matua

This infographic is updated weekly

https://www.mpi.govt.nz/protection-and-response/mycoplasma-bovis/



https://www.mpi.govt.nz/protection-and-response/mycoplasma-bovis/

A Frequentist approach to outbreak reconstruction: Cottam UK FMD 2001, 2007
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Bayesian inference and approaches

Some of my examples: FMD Japan 2010, M.bovis in New Zealand
Gentle introduction to Bayesian inference for analysing epidemics
Key tools for outbreak reconstruction and parameter inference

Key tools for outbreak simulation: in peace-time and real-time

Links to Bayesian approaches and genomic data

Comparison of the accuracy of outbreak reconstruction algorithms
Extension of the best model into BORIS
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iiid Bayesian inference for analysing epidemics

Outbreak datasets are only ever partial observations.

Many key processes are unobserved, and many datapoints are missing. Many unknown parameters.

Outbreak response actions

informed in near-real time
Outbreak in previously

free country Uncertainty in outcomes under Complex outbreak
(foot-and-mouth disease, different control options simulation models

African swine fever) _
Complex system of partially - Inputs

observed processes:

<
m Unsampled hosts Q?
” modes of ” Undetected infections ™ Expert
Xtransmlssmn Animal movement networks \ elicitation
Multiple animals within farms
Incomplete data Observed data
Transmission between (past and present

Livestock = Wild animals outbreaks)
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_ _ _ transmission network (red)
Schematic for viral dynamics ohylogenetic tree (blue)

Sparse sampling Dense sampling

o =
B Rpeen

—_ 2 ® A 3
?.j ; : : : . |

= — = i p—— &

s ——-— e

GENLTICS Time

Rolf J. F. Ypma et al. Genetics 2013;195:1055-1062
Copyright © 2013 by the Genetics Society of America



Transmission Complexities

A Within-host coalescent
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De Maio N, Wu CH, Wilson DJ (2016) SCOTTI.

PLOS Computational Biology 12(9)
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Simulation modelling: FMD
g AADIS

Australian Animal DISease (AADIS) Model
(DAWR/UNE/CEBRA)
* National scale (100M animals across 250K herds).

* Computationally efficient coded in Java (runs on a
desktop computer)

* Hybrid
e population-based SEIR within-herd model

* individual (agent)-based model to represent
between-herd spread, control and eradication

Bradhurst et al (2015). Frontiers in Environmental Science

S hadittdindl =0 R gt ) (RS R
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direct spread
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Local diffusion

4 N 4 . N
e temperature e wind data 4 N

data . o HYSPLIT

cellular —

* Kelso & Milne automata > Model

model (2014) validation
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dynamics
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National Arbovirus Menitoring Program
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Eagles et al. (2012) Med. Vet. Entomol.



Vector raster
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i So where do modellers get their parameters?

Complex simulation models are hungry for data on a lot of variables, many with a lot of uncertainty

Parameter estimation in a hurry
» fitting / ‘tinkering’
* ‘brute force’

 ABC (at least it sounds simple!)
— Approximate Bayesian computation
— aformal short-cut

* Full Bayesian inference (not in a hurry unless you’ve done a lot of work already)
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Foot-and-mouth disease in Great Britain February — September 2001. Actual cumulative
number of infected premises (grey) and predicted cumulative number of infected premises
(black) assuming 10% high risk movements. Simulation start 1 June 2001.
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Foot-and-mouth disease in Great Britain February — September 2001. Actual cumulative
number of infected premises (grey) and predicted cumulative number of infected premises
(black) assuming 20% high risk movements. Simulation start 1 June 2001.
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Foot-and-mouth disease in Great Britain February — September 2001. Actual cumulative
number of infected premises (grey) and predicted cumulative number of infected premises
(black) assuming 30% high risk movements. Simulation start 1 June 2001.
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&4 Parameter es
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iid Bayesian MCMC approaches

Nicholas Metropolis Wilfred Hastings
Los Alamos, 1953 Uni of Toronto, 1970

Drastically detrimental

Slightly detrimental steps steps are usually rejected
are usually accepted

Improvements are
always accepted

Start here with a set

of parameters
Duchene & Hawkey (2017)
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Full Bayesian RJ-MCMC approach

Infers the underlying epidemic process

Predicting Undetected Infections

Fed observed data at a real time point early in an epidemic, infers the likelihood that each premises is an

undetected ‘ghost’ infection yet to be discovered

Jewell et al (2009) J R Soc Interface



THE UNIVERSITY OF

MELBOURNE

An intro to Bayesian thinking - using Lego

Rev. Thomas Bayes
(1702-1761)

35



The Bayesian approach

Bayes' theorem is a way to work out the likelihood of something in the face of some
particular pieces of evidence.

Expresses how our belief in a hypothesis (h) should change to account for new evidence (e).

P(e|h) likelihood of evidence given the hypothesis
P(e|h) x P(h)
P(hle) = P(e) P(h) prior belief of probability of h being true

P(e) probabillity of the evidence



The Bayesian approach

Typically we're interested in the likelihood of some
parameters (6) given some data and priors.

likelihood prior distribution(s)

\ —

P(data| 8) X P(0)

P(O|data) =
( l/fl a) P(data)
joint posterior distribution of the \ |
parameter(s) given the data margin distribution of the

data (a fixed number)



The Bayesian approach

The posterior is proportional to the likelihood and the prior

: likelihood prior
posterior

P(f|data) x P(data| 8) X P(0)



_ Bayes theorem with lego
@4 Background

If you find out you're on red, then what's
the probability of being on

Images: www.countbayesie.com/blog/2015/2/18/bayes-theorem-with-lego



_ Bayes theorem with lego
@4 Background

Priors:
P(blue) =
P(red) =
P(yellow) =

If you find out you're on red, then what's
the probability of being on

Images: www.countbayesie.com/blog/2015/2/18/bayes-theorem-with-lego



Bayes theorem with lego

Background

Priors:
P(blue) = 40/60 = 66%,
P(red) = 20/60 = 33%,
P(yellow) = 6/60 = 10%

If you find out you're on red, then what's
the probability of being on

Images: www.countbayesie.com/blog/2015/2/18/bayes-theorem-with-lego



Bayes theorem with lego

Background

Priors:
P(blue) = 40/60 = 66%,
P(red) = 20/60 = 33%,
P(yellow) = 6/60 = 10%

If you find out you're on red, then what's
the probability of being on

P P
Pyl = DX PO)
4/6 X 6/60 4

p = — _— = 200
ir) 20/60 20 /o

Images: www.countbayesie.com/blog/2015/2/18/bayes-theorem-with-lego



The Bayesian approach

The posterior is proportional to the likelihood and the prior

: likelihood prior
posterior

P(f|data) < P(data| 8) X P(8)
So we need three key things:

data, priors, and a likelihood specification (i.e. a model formulation)
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Inferring who infected whom: the tools

Frequentist

Cottam (genomic parsimony trees ranked by epi likelihood)
Cottam modified (+ spatial kernel + tracing data)

Bayesian

Lau (C++, infers almost everything!)

Lau + farm-level covariates + contact data + implemented as R package = BORIS
SCoTTi (BEAST2) + within host model =BadTrIP

Phybreak (R, partial inference)

Sampled ancestors (BEAST2, BDFSkyline)

Outbreaker 1 (R, partial) + spatial and contact data = Outbreaker 2

BeastLier (BEAST1, partitioned model)

TransPhyloR (R, RJ-MCMC)

44
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Outbreak simulations: Australian Animal Disease Spread (AADIS) hybrid model
(Bradhurst et al, 2015)
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* Sequences simulated: along phylogenies

with Seg-Gen

e HKY model

e 2.168 X 10 changes site! day!

« TS/TV=17.61

(Cottam et al., 2006, 2008; Juleff et al., 2013)

SCIENTIFIC REPQRTS

Methods: Genomic data simulations

Phylogenies simulated (nested in
transmission tree): VirusTreeSimulator

91

> Firestone, et. al. (2019)



True network in arbitrary space

2 79




Lau model inferred network (iteration = 100)

100% support
80% support
50% support
20% support
10% support
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Accuracy

Accuracy

Cottam approach
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Firestone, et. al. (2019)



i1 Extending the model: BORIS

BORIS: R package for Bayesian Outbreak Reconstruction Inference and Simulation

https://github.com/sfires/boris

Images: Picture alliance/dpa/R. Schrader, AP Photo/Misha Japaridze, www.lbc.co.uk

50


https://github.com/sfires/boris

i Modifying the model

Max Lau’s original model: the total probability of individual j becoming infected during time period [t, t + dt]:
P(j,t,dt) = {a + Yiee 0 ﬁkdij} dt

1° (background) 2° transmission rate
transmission rate (just based on spatial kernel)

P(j, ¢t dt) = {C( + Zief;(t) (lBkdij xn;"Inf;. njpSuSCj) T ZiEfI(t)('Bmov' xij)} at

\ ) \ : J \ , J
spatial number and type of contact-traced
kernel susceptible animals movements




A Systematic Bayesian Integration of Epidemiological and Genetic Data (Lau et al, 2015)

t11] = t21| tEd =tis tI'I'I-E.'K
G1.J'= GE.iI GE.j
)
Pi=1
1
1
]
G.Li Gz.; G.B.i Ga,
tj= E; t21i tﬁ,i ! t4,'| - t|5

@ @ PLOS COMPUTATIONAL
http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004633 . / * BIOLOGY



http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004633

A Systematic Bayesian Integration of Epidemiological and Genetic Data (Lau et al, 2015)

Likelihood components:

In the general multiple-cluster scenario, with complete data z = (E, I, R, G, ) and model
parameters 0 = (a, B, a, b, ¥, 1, K, y1,442, p), we can express the likelihood as

HP(]', lﬁ]) X eXp{_qj(Ej)} X Hexp{_qj(tmax)}

j€rg? JE€Ls

XHfE(Ij — Eja,b) x Hﬁ — Ly, 1)
JEXT JEXR

XH{l_FE(max_E ab}XH{l_ max_]ayan)}
JEXE\I JEXN\R

XHg(GQ,]7 j]‘tﬁw]?Gl] X Hh G1]|l//
JEXE JEXE

@ PLOS COMPUTATIONAL
http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004633 . / * BIOLOGY



http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004633

A Systematic Bayesian Integration of Epidemiological and Genetic Data (Lau et al, 2015)

Likelihood components:

In the general multiple-cluster scenario, with complete data z = (E, I, R, G, ) and model
parameters 0 = (a, B, a, b, ¥, 1, K, y1,442, p), we can express the likelihood as

HPO W) x exp{—q(E)} x | | exp{~q;(t,..)}

]E,CE (2 -/

<] [ = Esa,b) x | [ fi(R = L;7,n)
€u @ G r

XH{l_FE(max_E ab}XH{l_ max_]ayan)}
JEIET @ @ /SInr

XHg(GQ,j? R ij,j‘t-ja lpja Gl,j) X Hh(Gl,]N/])
JEIE @ © J<IE

@ PLOS COMPUTATIONAL
http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004633 . / * BIOLOGY



http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004633

A Systematic Bayesian Integration of Epidemiological and Genetic Data (Lau et al, 2015)

Likelihood components:

In the general multiple-cluster scenario, with complete data z = (E, I, R, G, ) and model
parameters 0 = (a, B, a, b, ¥, 1, K, y1,442, p), we can express the likelihood as

HPO W) x exp{—q(E)} x | | exp{~q;(t,..)}

]E/CE (2] =15

O Likelihood of proposed source at this step in the MCMC, i.e.:

infection of j by y; forall y! exposed individuals (farms) excluding that with the
earliest inferred onset time (which must be a primary infection), which depends ])}
on a background transmission rate (a) for primary sources,

or a secondary transmission rate and a spatial kernel for secondary cases:

pK(d, ;: K)

@ PLOS COMPUTATIONAL
http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004633 . / * BIOLOGY



http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004633

A Systematic Bayesian Integration of Epidemiological and Genetic Data (Lau et al, 2015)

Likelihood components:

In the general multiple-cluster scenario, with complete data z = (E, I, R, G, ) and model
parameters 0 = (a, B, a, b, ¥, 1, K, y1,442, p), we can express the likelihood as

HPO W) x exp{—q(E)} x | | exp{~q;(t,..)}

]E/CE (2] -

® Likelihood that each exposed individual y. survived unexposed y, until its inferred
exposure time, assuming the below:

© Likelihood that each unexposed individual survived unexposed y. until the end of
simulated time (t assumingthe below:

max)’

q(s) = {oc—l— Y BK(dy; 1)}t

IEéI(lL

.@ PLos COMPUTATIONAL
http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004633 . / * BIOLOGY



http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004633

A Systematic Bayesian Integration of Epidemiological and Genetic Data (Lau et al, 2015)

Likelihood components:

XHfE(Ij_Ej;aab XHﬁ ]7% )

€ @ Gr
><]i[{l_Fl'E(max_lj—: ab}x H{l_FI(tmax_ﬁyv’/])}
JEIENT @ @ /EINR

O & O Likelihood contributions of inferred latent periods of each of the
individuals that became infectious

O & @ Likelihood contributions of inferred infectious periods of each of the
individuals that recovered or was removed

@ PLOS COMPUTATIONAL
http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004633 . / * BIOLOGY



http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004633

A Systematic Bayesian Integration of Epidemiological and Genetic Data (Lau et al, 2015)

Likelihood components:
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® Likelihood contributions of inferred sequences at each time point of interest,
including augmented data for times when sequences were unobserved and for IPs
for which genomic data were unavailable.

O Likelihood contributions of the transmission tree of inferred sequences
based on the K80 (2-parameter) DNA substitution model.
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