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Bayesian Modelling
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Meeti ng the chall enge

Models: Inference:
AProbabilistic AScalable AEstimation
ARegularised (parallelisable) AOptimisation
AFlexible ASubsampling AUncertainty
ARobust APre.computation quantification
ATransferable AApproximations ATesting
AAdaptive AModel averaging

"In the past ten years, it's hard to find
anything that doesn't advocate a Bayesian
approach." - Nate Silver




Focus In this presentation:

Methods: Applications:
ADatafocused AAir quality and health:
modelling personalised decision support
AMaking informed ASpatial patterns in cancer: an
decisions Australian Cancer Atlas
ARole and formulation | AModellingcomplexqueues
of priors AUnderstandinggene
AVisualisation expression
AComputation AMonitoring the health of the
ADiverse data sourcegg| ©Great Barrier Reef




Air quality and health




Air guality and health
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Personalised environmental health app: pilot stL

L. Dawkins, D.Willimson, KM(2019)
Where is the clean ai®Bayesian decisioframework for personalised

cyclist routeselection

Demand is for
personalised air
guality guidance,
e.g. optimal
cycle route from
A to B.

Current mobile
apps and

websites gives
nNnone SiI z¢
all o guli




General approach

1. Developa Bayesiarspatictemporal model to create a map of
PM2.5 exposures along potential routes, based on high
resolution data from mobile air quality sensors

2. Use a Bayesian decision framework to create assstific
multiattributeutility function

El i cit a usero0os jJourney pref
exposure to PM2.5, journey time and journey enjoyment, via &
R shiny web app.

3. ldentify personalised optimal route as the one that maximises
the expectation of this function.



Data Collection: Where? Encompass bike racks &
CityCyclestations
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Data Collection: When?

Brisbane cycling count data

CityCyclepaper: Mateo-Babianoet al. (2016)

How does our natural and built environment affect the use
bicycle sharingTransportation Research Part A, 94:2807 | =

o
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Number of Trips, May 2012 - Apr 2013
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(b) Trip frequency

Where people are cycling and when
olily

PA Hospital cycle path near O'Kes

Sandgate Road 5ol

ark Road, Woslloongabba

near Northgate Ro

Hormanty West, Brisba:

i \wherepeoplehopon-their-bikes 20170626
e i2.htm|

Sandgute Road northb

The most popular days for cycling

Monday

Tuesday

Wednesday

Friday Saturday Sunday

https://www.brisbanetimes.com.au/national/queen
sland/brisbaneycling-datarevealswhenand

v

Frequency:

Literature on modelling mobile sensor datae.g.van den
Bossche, &t al.(2015). Mobile monitoring for mapping spatial variation in
urban air quality: Development and validation of a methodology based on an

extensive datasetAtmospheric Environment, 105:14851.
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factor of 10 in mean BC concentrations aggregated at a resolution of 20 m are observed. Mapping at such
a high resolution is possible, but a lot of repeated measurements are required. After computing a
trimmed mean and applying background normalisation, depending on the location_24-94 repeated
measurement runs (median of 41) are required to map the BC concentrations at a 50 m resolution with

/

an uncertainty of 25%. When relaxing the uncertainty to 50%, these numbers reduce to 5-11 (median of
8) runs. We conclude that mobile monitoring is a suitable approach for mapping the urban air quality at a

an provide insight into the spatial variab hat would not be possible with

Total of 48 laps of the

route over 24 time slots

Date Trip 1 Trip 2 Trip 3 Trip 4
Thurs 10 7:00-8:30 8:30-10:00 15:30:17:00 17:00-18:30
May Pair: Laura & Steve Pair:Leah & Matt Pair: Jess C & Victor Pair:Tarun& Laura
Sun13" May 10:00-11:30 11:30-13:00
Pair: Laura &hill Pair: Lidwina &arun
Tues 1% May | 7:00-8:30 8:30-10:00 15:30:17:00 17:00-18:30
Pair: Laura & Steve Pair: Jess C & Victor Pair: Omar 8Miles Pair: Lidwina & Jessie
Thurs 17 7:00-8:30 8:30-10:00 15:30:17:00 17:00-18:30
May Pair: Laura &arun Pair: Victor & Laura Pair: Jessie & Miles Pair: Lidwina& Edgar
Sun 20" May 10:00-11:30 11:30-13:00
Pair: Laura &hill Pair: Kerrie% Gerard
Tues 224 May | 7:00-8:30 8:30-10:00 15:30:17:00 17:00-18:30
Pair:Laura & Steve Pair: Jess C & Victor Pair: Leah & Matt Pair: Laura & Jessie
Thurs 24" 7:00-8:30 8:30-10:00 15:30:17:00 17:00-18:30
May Pair: Laura &atalia Pair: Jessi& Lidwina Pair: Edga®& Natalia Pair: Leah & Matt




The Air Quality Sensor: KOALA

I

Dust
Sensor
Outlet

Dust y
Sensor s
Inlet

CO Sensor
Inlet

A Measures PM2.5 every 5 secondsing the Dust
Sensor

A Calibration: carried out tests in Botanic Gardens
to ensure speed did not affect the PM2.5
measurement, found it was important to have
the dust sensor inlet facing backwards



Data:
All laps

- PM2.5 (ug/m3)
[1.2)
[2,3)
" * [34)
[4.5)
[3.6)
6,7)
[7.8)
[8.9)
[9.10)
[10.20)
[20,30)
[30.40)
[40,50)
= * [50,145)




Developing the model

A Covariate selectiorexpertand cyclist insight

AExploratory data analysis to identify most

Important
A At time slot level

APMZ2.5 in SouttBrisbanepreceedindour
ATemperature in CBD * Lane Type

(on road/off road)

Y o @ B % ®
lectronic intersection S,sﬁ

counts from BCC
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Cliffs Park

AWind direction in CBD (West/East) * Lane Type
AWind speed in South Brisbane * Lane Type

AHumidity in SouthBrisbane

A At observation level

ATraffic counts at 4 locations (every 30 mins) * Time Of Day *

Lane Type
A Distance to major junction
ADistance to river



Developing the model: grid cell resolution

INLA
mes

Fordayd=1, e, D, t¥+1 mé grif ¢elost 1

Zats = Bo + BXats + €dts + 1

AZ,.is the 100x100m grid cell averaged
log(PM2.5+1) for dayd, time slott, grid cell s
Ad is a spatial random effect with exponential

spatial correlation function.

A Specifyprior means for fixed effects as 1-dr
for effects we have insight about the sign of t ~
relationship, e.g. stronger winds => lower . isdilhdsaiiseg
PM2.5 - ”

A Exponential spatial covariance structure




Results
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Developing the model: observation
level resolution

Fordayd=1, é, D, tt1 me JafE-=ML,d, grid

celss1, é, S, obser gatjidgln éi

X: covariatesat the same resolution as thleservations (traffic)

Z:. covariates at the same resolution as the sgatiaporal grid

Yats; = ’YXc,itsj + Zats + Edts; .

mesh

Lits = /80 =+ zBths + €dts T 1)

Same mesh,
9 alter projection
Gdtsj ~ N(O, 05) 1/02 ~ logGamma(a,b) matrix to map
ears ~ N(0,02) 1/0? ~logGamma(a,b) to observed
locations




Results
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Predictive capability

Predicted log(PM2.5+1)

True log(PM2.5+1)

Predicted log(PM2.5+1), transformed back to PM2.5

Comparepredicted ywith true y
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Predictive capability

PM2.5 (ug/m3)
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Could use the model to predict in any location, or along a route at
regular intervals etc..



Barrier Model
HaakonBakkaet al. (2018)arXiv:1608.03787v2

Aln the barrier model fidi stance

collection of all possible paths from one location to another; and the
dependency between two points relies on all the paths that exists
between them Barrier created in

Almplemented using INLA same computationapeed  ArcMap each
block is a barrier



https://arxiv.org/abs/1608.03787v2
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Time slot
Lap:

PM2.5 (ug/m3)
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Accumulated Exposure along routes
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