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Research interests
Process and Systems modelling ]\/\f
Development of methods BioSS

o Simplification/formulation, analysis and approximation

o Statistical methods for stochastic process-based models

Application areas
 Ecology:

alien invasive species and dynamic species distpmnodels, foraging
behaviour, population genetics, species range lmnag] evolution of
virulence, ecosystem services e.g. pest requlgtmm,lation and
community dynamics.

e Epidemiology:

Epidemics in crops, livestock & wildlife populati®rthe interaction

between epidemiology and ecology e.g. demograntufations in wildlife
populations, population response to control, fargdnehaviour etc.



Stochastic process-based models
Benefits of stochastic process models f\/\f
* Dynamics critical to understanding many phenome BioSS
» Species distribution modelling: invasive aliens

» Epidemiology, population ecology, behaviour
» Phylogenetics ...?

Stochasticity models inherent system variability
» demographic (intrinsic) and environmental (extGhsi

e Event-driven
» More directly related to processes than differé¢tipations
» Facilitates communication with subject scientists

e Understanding system properties via model analysis
» Simulation straightforward, analytically intractaldut can approx.
» Deterministic analogues more tractable & providaghts

« Stochastic model: self consistent parameter estimation
» Model formulation handles spatio-temporal correlasi



Example application
The ecology of wildlife disease surveillance: [\[\f

disease dynamics and host demography BioSS

Motivation

Current theoretical underpinning of wildlife surveillance design tends to:

 be based on relatively simple binomial arguments
e which sometimes account for finite population sizes
e and are typically stratified spatially (by host habitat preferences)

e butignore dynamic nature of host populations (demographic
fluctuations & disease dynamics)

Develop models of wildlife disease systems to understand impact of
such fluctuations



Population level model
Capturing key demographic impacts on surveillance

Surveillance: hS Surveillance: hI

Primary
Transmission: pSIT

N
Birth: Nr (1 - —)

—

Immigration: yG

Secondary
Transmission: pSI

Immigration: yG

Death: ds Death: dI



Model properties
Capturing key aspects of demography & disease dynamics

Variability in population and disease ... BioSS
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Note: both more and less extreme variations are also possible



Disease detection — suppressed by fluctuations J§

() rf !
Probability of detection: no fluctuations in prevalence BioSS
PD5" = f(E[p],m) = 1—(1 —E[p])™
=
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Inference framework for stochastic process based models ]\N

BioSS
Discrete state-space continuous time M arkov processes

e state of system: s(t) at time t and ¢ event types {¢; : i = 1.....q}
e type ¢; induces a change ds. i.e. 5(t) — s(t) + Js,,

e [he rate at which event e; occurs: r(e;, s(t):a)

e The total event rate at time ¢ is R(s(t);a) = X7_,r(e;, s(t): a).

e [he density associated with occurrence of event ¢; at t + 7 Is:

P(s(t +7) = s(t) + 05, | 5(t)) = r(es,5(t);a)e”"HRs(D):a)



Inference framework for stochastic process based models [\[\f

] . _ ] BioSS
Parameter estimation in stochastlc pbms

e The complete set of events & = {(F sk = LMk

e A complete realization of the state-space of the stochastic process
reconstructed from & and s(tg): S ={&, s(to)}.

e [he complete likelihood is:

r

P(€ |as(te)) = J]r(E(k),s(ter);a)e” DRt
k=1

e Follows from model definition



Inference framework for stochastic process based models [\/\f

] . _ ] BioSS
Parameter estimation in stochastic pbms

e The complete set of events £ = {(E(k),tx) : k=1,...,n}.

e A complete realization of the state-space of the stochastic process
reconstructed from & and s(tg): S ={&, s(to)}.

e [he complete likelihood is:

n

P(€ |as(te)) = J]r(E(k),s(ter);a)e” DRt
k=1

« e~ (tr—tn)R(s(tn).)

e |f observe system up to time>t,



Inference framework for stochastic process based models [\/\f

Event and state-space data BioSS

e Only observe a subset of events Dy (the event data)
e hidden events H unknown part of £ = (Dp. H)

e State space observations: Dg = {S*(ta) ii=1, ..., Ng}
¢ Need observation model

P(Dc_, ‘ S._ EIN)

to relate Dg to underlying state of system



Inference framework for stochastic process based models [\/\f

BioSS
The combined likelihood

e for parameters a = (ap.ay), the complete set of events & =
(D ¢ H) and state-space information Dg

L(D.H.a)

Il
i
)
n
n
o
e:

JP(E | ap,s(to))
Ds ‘5 S fﬂ) an)P(& | ap, s(ty))



Inference framework for stochastic process based models [\/\[

¥
A Bayesian approach 1055

e Applying Bayes' rule we obtain the joint posterior distribution for
the parameters a and the unobserved events H,

P(D,H |a)P(a)
P(D)

Pa,H|D) =

e In terms of the complete likelihood, the noise model for state-space
observations and the normalisation P(D) and the prior P(a)

e Despite not knowing P(D) we can use MCMC to draw samples
from posterior



Inference framework for stochastic process based models ]\/\/’

_ BioSS
A Bayesian approach

e Must specify priors. Typically make independence assumption

N
P(a) = || Par)
k=1

Make use of information not contained in data D
e Expert knowledge
e Previous analysis
e Relatively uninformative priors



Inference framework for stochastic process based models [\/\[

BioSS
The parameter posterior

e Obtained by marginalising samples over hidden events ‘H

Pa|D) = LP(a,HD)dH

e Sampling based approaches allow calculation of essentially any
statistics of interest

— e.g. number and nature of missing events
— possibly of scientific interest but difficult to observe directly



Inference framework for stochastic process based models ]\N

BioSS
Markov chain Monte Carlo

e [o generate samples of missing events H; from the posterior for a
fixed parameter vector a

e |terate the following
1. propose H; — H’ with probability ¢(H,;. H')

. PBH ' H,;
2. set H;+1 = H' with probability min{1. (D, 1 | a)g(H', H.)

P(D,H; | a)a(Ho )’
3. else Hg'_|_1 — H;

e Note acceptance probability really the ratio of the posteriors H’ and
H; But normalisation P(D) and prior P’(a) cancel from acceptance

ratio



Inference framework for stochastic process based models ]\/\/’

BioSS

Sampling hidden events

e [ypically sufficient to specify proposal probabilities so that can add,
remove or move events

e Changing numbers of events changes state-space dimension of
Markov chain: reversible jump McMC.

e Need to be careful that acceptance ratios account for this but
discrete state-space makes this relatively easy.



Inference framework for stochastic process based models [\/\[

: . BioSS
Gibbs sampling of parameters

e If proposal distribution ¢(a;,a’) ~ g(a’) and is proportional to the
posterior

P "NP(a')q(a', a;
e [hen acceptance probability is 1 min{1, (BT | & e el )

| I)(p H ‘ af)]j(af)'gr(ai%af)}

e |f choose conjugate priors then can identify marginal posterior
distributions

e Can show that for linear rate parameters in Markov processes
Gamma priors are conjugate



Inference framework for stochastic process based models
Gamma priors and Gibbs sampling

BioSS

Event type X governed by linear parameter a; i.e. r(X, S a) = a;7(X, S, a_;)

[t event X occurs ny times in event history then complete likelihood

£ = —p
I_a'z' LDf T(X!'b!ﬂ-—i]

P(D, H | a;) o a;* dt

Gamma prior P(a;) = Ga(a, 3) x afe™F

Leads to the posterior

(A4 [P 7 .
P(H-g‘ | D, H) X (L?-'_HX{.: ai{'HLfD F(X,S,a—:)dt)

t
= Gala+nx, 7+ ! (X, S, a_;)dt)

to

Note: dependence on other events and parametendaldsnto normalisation



Population & disease dynamics in badgers

Badgers play a key role in the dynamics of TB in cattle which is a
major issue for U.K. agriculture

BioSS
Woodchester Park data
» Long term study site for badgers and bTB 1982-present
» Very detailed data on individuals and social groups
» Use population level and individual based models

» Infer key demographic and disease parameters

Population

35 1990 1995 2000 2005

Time (years)

BN 0 B S
| e & 3

(a) Woodchester Park baitmarking map
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How to model?
Model structure and parameter inference

: : BioSS
 Dynamic stochastic process-based model

— Demographic fluctuations
— Disease dynamics
— Individual based (capture-mark-recapture)

e Observation model

— Do not observe all animals giLYS's

— Diagnostic tests are imperfect

Use dynamic continuous time stochastic models
Can apply Bayesian inference tools



Individual-based model parameterised
using Woodchester park data
(a) H 1,

Individual based stochastic
model accounts for ;

» Demography including births, [“%J
deaths

e Age and sex

e Disease induced mortality

e Transmission with and
between social groups

e External transmission




Observation model accounts for

e Individual trapping

e Sex and age differences in trappability
e Seasonal variation in capture rates

e Se & Sp of diagnostic tests BioSS
8 Birth M Death AExposed X Move @ Leave | Adult
Badger# (:apture campaign .Obserue.ltion
1 3 ® o
4 8 +—Q@—Ah@ &
- x e X
70 o—A—id
8 89—
: 1975 - - - Tirr:le - - - 2010

Bayesian Statistical treatment used to infer parameter values and
missing history/event data e.g. Births, deaths, infection events etc.



Bayesian Statistical treatment used to infer parameter values and
missing history/event data e.g. Births, deaths, infection events etc.

The average inferred BioSS

movement of badgers

= 4&\{7‘“\“ AN between different social
‘k /y ! 7‘& groups

Bayesian inference: information
encoded in posterior

Sampled using Markov chain
Monte Carlo MCMC methods

Parameter

0.02 |

0.1
0.08 r

0.06 |

0.04 |

Samples from the posterior

0 50 100 150
MCMC lterations (x10°)



Use samples to estimate statistics of interest
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Parameter distributions and
related means & credible

intervals

Or more complex statistics ...

Probability distributions
describing the rate of
disease transmission
associated with different

routes of infection



Can use WP data to estimate a wide range of parameter values
I T L T

Badger r, 0.603 0.542-0.671 Birth rate of badgers
Demographic My 0.281 0.263-0.311 Mortality rate in male badgers

:uF 0.210 0.189-0.238 Mortality rate in female badgers

fC 1.89 1.68-2.18 Factor increase in mortality for cubs (< 1 year old)

f 3.41 2.90-4.01 Factor increase in mortality for infected badgers

|

R 28.1 22.9-36.1 Mean carrying capacity per unit area of sett

Oy 10.8 7.3-16.2 Standard deviation in carrying capacity
Disease ¢ 0.035 0.024-0.049 Rate of disease coming externally
Transmission ﬁ 0.064 0.052-0.081 Within social group transmission

K 0.0035 0-0.0072 Between social group transmission
Trapping 0.38 0.36—-0.40 Average probability of trapping male badger
Probability M
- . 0.36 0.34-0.38 Average probability of trapping female badger

1.60 1.49-1.72 Factor increase in trapping probability for cubs (< 1 year

& old)
- el 1.39 1.29-1.51 Factor increase in trapping probability for infected badgers
_ Apd 0.34 0.31-0.37 Seasonal variation in trapping probability
- gd 0.43 0.42-0.44 Point in the year with maximum trapping probability

Se e 055 0.51-0.60 Sensitivity of Brock-ELISA test
SPeuisa 0.946 0.935-0.952 Specificity of Brock-ELISA test
I sc.. 0.37 0.32-0.45 Sensitivity of culture test
_ SpCuIt 1 1-1 Specificity of culture test
_ Se,, 0.64 0.50-0.79 Sensitivity of Stat-Pak test
_ Sps 0.959 0.927-0.982 Specificity of Stat-Pak test
_ S€., 078 0.63-0.90 Sensitivity of y-IFN test
P sp, ey 0912 0.869—0.943 Specificity of y-IFN test




Can estimate

e Detection rates and diagnostic test sensitivity and specificity
e Demographic parameters

e Disease parameters including DIM and transmission rates

Conclusions and future work

e Transmission within group 3 dominates between group K

e External Transmission ¢ i.e. from outside modelled population important
e Plan to assess correlation of ¢ with infection in surrounding farms

* Get better estimates of Se & Sp for new tests using most recent WP data

 Not able to estimate dispersal or behaviour change associated with culling
since no culling events in Woodchester Park data

* Need to turn to other sources of data e.g. RBCT and VetNet



Disease detection — suppressed by fluctuations J§

() rf !
Probability of detection: no fluctuations in prevalence BioSS
PD5" = f(E[p],m) = 1—(1 —E[p])™
=
Fluctuations
= — increasing
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Disease detection

Probability of detection: no fluctuations in prevalence
Probability of detection: badgers & bTB
Fluctuations increasing

BioSS

1.0

0e
l

* For badgers and bTB demographic
and disease fluctuations undermine
surveillance

e Surveillance design & analysis need to
account for such fluctuations

| e Otherwise danger of under
}f powered studies

0.6

= | |
= |

| | | | | |
0.0 0.2 04 06 08 140




Inference in stochastic process based models
Model-based-proposals
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Inference in stochastic process based models

Model-based-proposals

7(0ly) marginal parameter posterior

0.20
0.15

Y 0104 f R
0.05} T

0 0.001 0.002 l.‘J.EIHJS 0.004 0005 0.006
B

Posterior involves parameters and latent history

(6, &ly) o< m(y|§)m(&|6) 7 (6)

Key problem with M-H

Would like to make large changes
in parameters

But this requires large changes in
latent history

M-H limited to small changes in
parameter space

Diffusive exploration of
parameter space — slow!



Inference in stochastic process based models
Model-based-proposals

Propose large change in parameter space
Then create a history to match this based on model dynamics

— infection

=0 I
£
L ] L ]\ J L ] L J )
1 T r S S Al time
wnDGA | | T e i
keep/remove
>
T T T T time
added added
removed removed

Add events based on difference in rates  Aro(t) = max {0, r.(87, 1/ (t)) — re(¢, n'(1))).

e Fg  \U LIV )
Also keep some old events P: F = maxq 1, 2—"—
re, (6, n')

m(y|& wf)}

Use M-H accept/reject to keep on track Pwvu I'l'liﬂ{L Y| &)me)



Inference in stochastic process based models
Model-based-proposals improve performance

Auto-correlation
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Inference in stochastic process based models
Model-based-proposals improve performance

Computation time
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Inference in stochastic process based models

New methodology
Current research focussed on two main areas

 Model assessment/model selection
» Latent residual approach: based on Sellke thresholds
» Designed to assess fit for different sub-processasdel
» e.g. spatial spread modelled via kernel density
» Can be computed cheaply from augmented data
» Useful as can identify areas where model is deficie

 The need for speed!
» Increasing efficiency with which we can draw samgdl®em the

posterior
» e.g. non-centred parameterisations/schemes
» Model-based-proposals



