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ñThe Fourth Industrial Revolutionò

uin dob date tagz age sex seg status type code

12385 ################ 0 21.79603female Tech servicesemployee Initial Amber

81174 ################ 0 21.71116female Plant operator surfacecontractorPeriodic Green

991163 ################ 0 21.27584male Development maintenancecontractorInitial Green

80844 ################ 0 27.37577female Tech servicesemployee Initial Green

81137 ################ 0 19.66598male Tech servicesemployee Initial Green

81092 ################ 0 24.37509female Plant operator surfacecontractorInitial Greenñraw data, no matter 
how extensive, are useless 
without a model. ò 
ïNate Silver

convergence of 
computing, data, 

artificial intelligence 
and universal 
connectivity



Bayesian Modelling

p(q|Y) = p(Y|q) p(q) / p(Y)

p(q|Y) = p(q) p(Y|q) / p(Y)



Models:

ÅProbabilistic

ÅRegularised

ÅFlexible

ÅRobust

ÅTransferable

ÅAdaptive

Computation:

ÅScalable 
(parallelisable)

ÅSubsampling

ÅPre-computation

ÅApproximations 

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

Inference:

ÅEstimation

ÅOptimisation

ÅUncertainty 
quantification

ÅTesting

ÅModel averaging

Meeting the challenge: ñNew Bayesò



Methods:

ÅData-focused 
modelling

ÅMaking informed 
decisions

ÅRole and formulation 
of priors

ÅVisualisation

ÅComputation

ÅDiverse data sources

Applications:

ÅAir quality and health: 
personalised decision support

ÅSpatial patterns in cancer: an
Australian Cancer Atlas

ÅModelling complex queues

ÅUnderstanding gene 
expression

ÅMonitoring the health of the 
Great Barrier Reef

Focus in this presentation:



Air quality and health



Air quality and health



L. Dawkins, D. Willimson, KM(2019) 

Where is the clean air? A Bayesian decision framework for personalised

cyclist route selection.

Personalised environmental health app: pilot study

Current mobile 

apps and 

websites gives 

ñone size fits 

allò guidance. 

Demand is for 

personalised air 

quality guidance, 

e.g. optimal 

cycle route from 

A to B.



General approach

1. Develop a Bayesian spatio-temporal 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 a user-specific 
multiattributeutility function

Elicit a userôs journey preferences, regarding health impact of 
exposure to PM2.5, journey time and journey enjoyment, via an 
R shiny web app.

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



Data Collection: Where?

Cycle friendly routes 

Encompass bike racks & 
CityCyclestations

Different 
sections of CBD
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Data Collection: When?

Date Trip 1 Trip 2 Trip 3 Trip 4

Thurs 10th

May 
7:00-8:30
Pair: Laura & Steve

8:30-10:00
Pair: Leah & Matt

15:30-17:00
Pair: Jess C & Victor

17:00-18:30
Pair: Tarun& Laura

Sun13th May 10:00-11:30
Pair: Laura & Phill

11:30-13:00
Pair: Lidwina & Tarun

Tues 15th May 7:00-8:30
Pair: Laura & Steve

8:30-10:00
Pair: Jess C & Victor

15:30-17:00
Pair: Omar &Miles

17:00-18:30
Pair: Lidwina & Jessie

Thurs17th

May
7:00-8:30
Pair: Laura & Tarun

8:30-10:00
Pair: Victor & Laura

15:30-17:00
Pair: Jessie & Miles

17:00-18:30
Pair: Lidwina& Edgar

Sun 20th May 10:00-11:30
Pair: Laura & Phill

11:30-13:00
Pair: Kerrie& Gerard

Tues 22nd May 7:00-8:30
Pair:Laura & Steve

8:30-10:00
Pair: Jess C & Victor

15:30-17:00
Pair: Leah & Matt  

17:00-18:30
Pair: Laura & Jessie

Thurs 24th

May
7:00-8:30
Pair: Laura &Natalia

8:30-10:00
Pair: Jessie& Lidwina 

15:30-17:00
Pair: Edgar& Natalia

17:00-18:30
Pair: Leah & Matt 

https://www.brisbanetimes.com.au/national/queen

sland/brisbane-cycling-data-reveals-when-and-

where-people-hop-on-their-bikes-20170626-

gwywi2.html

Brisbane cycling count data

CityCyclepaper: Mateo-Babianoet al. (2016)
How does our natural and built environment affect the use of
bicycle sharing? Transportation Research Part A, 94:295ɀ307

Frequency: 
Literature on modelling mobile sensor data(e.g. Van den 

Bossche, Jet al. (2015). Mobile monitoring for mapping spatial variation in 
urban air quality: Development and validation of a methodology based on an 
extensive dataset. Atmospheric Environment, 105:148-161.

Total of 48 laps of the 
route over 24 time slots 



The Air Quality Sensor: KOALA

ÅMeasures PM2.5 every 5 seconds using the Dust 
Sensor
ÅCalibration: 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

Day:
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ÅCovariate selection: expert and cyclist insight

ÅExploratory data analysis to identify most 

important

ÅAt time slot level

ÅPM2.5 in South Brisbane preceedinghour

ÅTemperature in CBD * Lane Type 

(on road/off road)

ÅWind direction in CBD (West/East) * Lane Type

ÅWind speed in South Brisbane * Lane Type

ÅHumidity in South Brisbane

ÅAt observation level

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

Lane Type

ÅDistance to major junction

ÅDistance to river 

lectronic intersection 
counts from BCCDeveloping the model



Developing the model: grid cell resolution

For day d=1,é,D, time slot t=1,é,Td, grid cell s=1,é,S 

INLA 

mesh

ÅZdts is the 100x100m grid cell averaged 

log(PM2.5+1) for day d, time slot t, grid cell s

Åɖ is a spatial random effect with exponential 

spatial correlation function.

ÅSpecify prior means for fixed effects as 1 or -1 

for effects we have insight about the sign of the 

relationship, e.g. stronger winds => lower 

PM2.5

ÅExponential spatial covariance structure 



Mean of random field SD of random field 

Results



Red = data left 

out of model 

Predicting data left out of model 

(day 7 afternoon ïtimeslots 3 and 4)

True:

Predicted:

Predictive capability



Developing the model: observation 

level resolution

For day d=1,é,D, time slot t=1,é,Td, lap =1,2, grid 

cell s=1,é,S, observation in grid cell s, j=1,éJdtls

INLA 

mesh

Constrained refined Delaunay tr iangulation

Same mesh, 

alter projection 

matrix to map 

to observed 

locations

Z: covariates at the same resolution as the spatial-temporal grid

X: covariates at the same resolution as the observations (traffic)



Mean of random field SD of random field 

Results



Compare predicted y with true y

Predictive capability
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Lap:

Could use the model to predict in any location, or along a route at 

regular intervals etc.. 

Predictive capability



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

ÅIn the barrier model ñdistanceò is not the shortest distance, but rather a 

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 

ÅImplemented using INLA ïsame computational speed
Barrier created in 

ArcMap each 

block is a barrier

https://arxiv.org/abs/1608.03787v2


Mean of random field SD of random field 

Results
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True:

Predicted:

Time slot:

Lap:



Accumulated Exposure along routes 
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