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Spanish Flu 1918:  500 million infected, with deaths of three to five 

percent of the world's population

Soldiers from Fort Riley, Kansas, ill with Spanish influenza at a hospital ward at Camp Funston

Otis Historical Archives Nat'l Museum of Health & Medicine - NCP 1603



Pandemic Influenza: The Inside Story. Nicholls H, PLoS Biology Vol. 4/2/2006, e50

courtesy of the National Museum of Health and Medicine

Spanish Flu 1918: a chart of deaths in major cities



Hundred years later…

https://www.gatesnotes.com/About-Bill-Gates/Year-in-Review-2018

“I had hoped that hitting the 100th 

anniversary of this epidemic (Spanish flu) 

would spark a lot of discussion about 

whether we’re ready for the next global 

epidemic. Unfortunately, it didn't, and we 

still are not ready”

Bill Gates 

Chair of Bill & Melinda Gates Foundation

2018



Australian Influenza Surveillance Report No 07 : 15 to 28 July 2019

National Notifiable Diseases Surveillance System 
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Susceptible Infectious Recovered



Different questions:  How to “zoom in” ?  Where to intervene?



Agent-based modelling (ABM)

https://www.bankofengland.co.uk/quarterly-bulletin/2016/q4/agent-based-models-understanding-the-economy-from-the-bottom-up



Agent-based Modelling (ABM) of epidemics

 anonymous individuals (census based) → agents with attributes (e.g., age, gender, 

occupation, susceptibility and immunity to diseases)

 agent interactions: contacts and disease transmission over about 24M agents, 

grouped in social “contexts” (households, neighbourhoods, communities, 

workplaces, schools, classrooms, etc.)

 specific virus (transmission rates, natural history of the disease)

 outbreak modelling of pandemic scenarios (international air traffic)

 varying sources and intensity of infection, as well as population sets

 calibration to known data on reproductive ratio R0, attack rates (across “contexts”), 

growth rates, generation period, other parameters 



A little bit more on history...



SPaSM (Scalable Parallel Short-range Molecular dynamics)



...Next step



Pandemic influenza: agent-based modelling (Germann et al., 2006)



Our pandemic modelling research (since 2016)

 Modelling pandemics with large-scale high-resolution agent-based models

 demographics: from census based data to agents

 mobility:             travel patterns including long-distance

 infection:           disease transmission and natural history models

 ACEMod – Australian Census-based Epidemic Model

 AMTraC-19 – Agent-based Model of Transmission and Control of the 
COVID-19 pandemic in Australia

 Influenza pandemics (H1N1):

 pandemic trends (peaks, synchrony, bimodality, critical regimes) 

 effects of urbanisation

 counter-factual analysis

 efficiency of interventions: geographically-targeted anti-prophylaxis (GTAP), 
contact-targeted anti-prophylaxis (TAP), vaccination



“Same storm, different boats”: ABM mixing contexts



Population partitions: 
residential areas and destination zones

K. M. Fair, C. Zachreson, M. Prokopenko, Creating a surrogate commuter network from Australian

Bureau of Statistics census data, Scientific Data, 6, 150, 2019.



Australian Census-based Epidemic Model: ACEMod



Australian Census: travel-to-work data (mobility)



International air traffic

O. M. Cliff, N. Harding, M. Piraveenan, E. Y. Erten, M. Gambhir, M. Prokopenko, Investigating

Spatiotemporal Dynamics and Synchrony of Influenza Epidemics in Australia: An Agent-Based

Modelling Approach, Simulation Modelling Practice and Theory, 87, 412-431, 2018.



Australian Census based Epidemic Modelling: ACEMod



Epidemic modelling: natural history of the disease

O. M. Cliff, N. Harding, M. Piraveenan, E. Y. Erten, M. Gambhir, M. Prokopenko, Investigating

Spatiotemporal Dynamics and Synchrony of Influenza Epidemics in Australia: An Agent-Based

Modelling Approach, Simulation Modelling Practice and Theory, 87, 412-431, 2018.



Epidemic modelling: natural history of the disease

N. Harding, R. E. Spinney, M. Prokopenko, Phase transitions in spatial connectivity during

influenza pandemics, Entropy, 22(2), 133, 2020.



Epidemic modelling: transmission probabilities

global scalar



Agent-based interactions



Social interactions (Cauchemez et al., 2010)



Epidemic modelling: contact rates

O. M. Cliff, N. Harding, M. Piraveenan, E. Y. Erten, M. Gambhir, M. Prokopenko, Investigating

Spatiotemporal Dynamics and Synchrony of Influenza Epidemics in Australia: An Agent-Based

Modelling Approach, Simulation Modelling Practice and Theory, 87, 412-431, 2018.



Epidemic modelling: reproductive ratio R0

“Contagion” (2011)



Epidemic modelling: reproductive ratio R0
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Epidemic modelling: reproductive ratio R0

C. Zachreson, K. M. Fair, N. Harding, M. Prokopenko, Interfering with influenza: nonlinear

coupling of reactive and static mitigation strategies, J. Royal Society Interface, 17(165):

20190728, 2020.



Epidemic modelling: reproductive ratio R0

C. Zachreson, K. M. Fair, N. Harding, M. Prokopenko, Interfering with influenza: nonlinear

coupling of reactive and static mitigation strategies, J. Royal Society Interface, 17(165):

20190728, 2020.



Epidemic modelling: reproductive ratio R0

O. M. Cliff, N. Harding, M. Piraveenan, E. Y. Erten, M. Gambhir, M. Prokopenko, Investigating

Spatiotemporal Dynamics and Synchrony of Influenza Epidemics in Australia: An Agent-Based

Modelling Approach, Simulation Modelling Practice and Theory, 87, 412-431, 2018.



Epidemic modelling: reproductive ratio R0

“herd immunity” threshold:



Australian Census based Epidemic Modelling: ACEMod



Spatiotemporal synchrony



Disease diffusion

Hierarchical spatial spread  or  wave-like diffusion??

C. Viboud, O.N. Bjørnstad, D.L. Smith, L. Simonsen, M.A. Miller, B.T. Grenfell,

Synchrony, waves, and spatial hierarchies in the spread of influenza, Science 312

(5772) (2006) 447–451.

The regional spread of infection correlates more closely with rates of movement of

people to and from their workplaces (workflows) than with geographical distance.

The hierarchy of spread is immediately apparent: The most populous states

exhibit synchronized epidemics, whereas less populated states exhibit more

erratic patterns, both relative to each other and to the continental norm.



Australian Census based Epidemic Modelling: ACEMod

Hierarchical spatial spread  or  wave-like diffusion??



Effects of urbanisation



Urbanisation



International air traffic



Prevalence and epidemic peaks: H1N1

C. Zachreson, K. M. Fair, O. M. Cliff, N. Harding, M. Piraveenan, M. Prokopenko, Urbanization

affects peak timing, prevalence, and bimodality of influenza pandemics in Australia: Results of a

census-calibrated model, Science Advances, 4(12), eaau5294, 2018.



Bimodality: 2006



Bimodality: 2011



Bimodality: 2016



 seeding conditions have a larger impact on the first wave than on the second

 seeding does not account for the decrease in the intensity of the second

pandemic wave from year to year, a trend that we ascribe to increased

urbanisation

Key factors: higher urbanisation or more air traffic?



Pharmaceutical interventions: H1N1

C. Zachreson, K. M. Fair, N. Harding, M. Prokopenko, Interfering with influenza: nonlinear

coupling of reactive and static mitigation strategies, J. Royal Society Interface, 17(165):

20190728, 2020.



Phase space of intervention parameters: H1N1



Efficiency of interventions: H1N1



ABM: a fine-grained approach

 Strengths:
 sensitivity analysis is embedded in heterogeneous agents

 individual-based rather than aggregate focus

 age-dependent epidemic characteristics

 spatial / geographic accuracy

 cross-jurisdictional impact

 time-dependent and context-dependent interventions

 counter-factual analysis (“what-if” scenarios: delays, scale, scope)

 critical phenomena analysis

 Weaknesses:
 need to calibrate multiple parameters

 reliance on high-performance computing



Network-based modeling



Salmonella epidemics

 93.8 million cases and  155,000 deaths each year globally

 more cases per capita in Australia than anywhere else in the world

 most fatal foodborne disease in Australia

 S. Typhimuriam (STM) is the dominant subspecies of 
non-typhoidal salmonellosis

 Drivers of STM evolution remain poorly understood



STM in NSW 2008-2016

OzFoodNet. Enhancing Foodborne Disease Surveillance Across Australia. NSW Annual report, 2015.



Dataset (NSW Salmonella Reference Laboratory)

 Nine consecutive seasons of instances in NSW

 1st January 2008 to 31st December 2016

 17,107 isolates of STM

 99.3% of all STM found from human cases in NSW over 3,287 days

 Genotyped through MLVA

 Multiple-Locus Variable-number tandem repeat (VNTR) Analysis

 1675 unique MLVAs identified



What is MLVA?

Tandem repeats

Image source: https://www.stewartsociety.org/images/bannockburn-tandem-repeats.jpg

https://www.stewartsociety.org/images/bannockburn-tandem-repeats.jpg


What is MLVA?
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Fragment sizes



3   9   8   9   2   12

What is MLVA?

3   9   8   9   523

Larsson et al. (2009)

Number of tandem repeats

Larsson, J. T. et al. Development of a new nomenclature for Salmonella Typhimurium multilocus

variable number of tandem repeats analysis (MLVA). Eurosurveillance 14, pii:19174 (2009).



STM in NSW 2008-2016

OzFoodNet. Enhancing Foodborne Disease Surveillance Across Australia. NSW Annual report, 2015.



MLVA isolates as a complex network

 Construct a complete graph

 1675 nodes (unique MLVA profiles)

 edge weights are inverse of pairwise MLVA distance

 Compute closeness centrality of MLVA profile in network

 Cluster nodes (MLVA profiles)

 partitioned clusters

 overlapping clusters

 Trace changes in the global network and individual clusters



 Edge weights

 Inverse of Manhattan distance (L1-norm)

Complex network analysis: distance
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 Edge weights

 Inverse of Manhattan distance (L1-norm)

 Closeness centrality 

Complex network analysis: centrality

3 989 2 12

3 8810 2 12

0 |-1|0|+1| 0 0

𝐶 𝑥 =
1

 𝑦 𝑑(𝑥, 𝑦)

Path length: average distance to all other nodes



Closeness centrality of MLVA profiles



Network of MLVA profiles



Network of MLVA profiles



Global network properties: average path length

Average path length (average distance to all other nodes) 

correlates with prevalence: ρ ≈ 0.7 at ~100 days



Global network properties: clustering coefficient

Clustering coefficient (how well node's neighbours are connected among themselves)

correlates with prevalence: ρ ≈ 0.7 at ~50 days



Small-world networks

Watts, D., Strogatz, S. Collective dynamics of ‘small-world’ networks. Nature 393, 440–442 (1998).



Small-world networks

Watts, D., Strogatz, S. Collective dynamics of ‘small-world’ networks. Nature 393, 440–442 (1998).



Global network properties: small-world coefficient

Small-world coefficient (ratio of clustering coefficient to path length) 

correlates with prevalence: ρ ≈ 0.6 at ~300 days



Clustering

Linkage (partitioning) approach Overlapping approach

O. M. Cliff, V. Sintchenko, T. C. Sorrell, K. Vadlamudi, N. McLean, M. Prokopenko, Network

properties of Salmonella epidemics, Scientific Reports, 9, 6159, 2019



Temporal evolution of clusters



Prevalence-Centrality plot (overlapping clusters)

Colours denote distance to the node with the highest average cluster prevalence



Network-based modelling of Salmonella

 inferred undirected STM networks from surveillance and molecular 
genotyping data

 quantified diversity and variability of evolving STM networks

 correlated small-world network properties with the epidemic severity

 identified two distinct evolutionary branches in terms of centrality

 suggested to monitor ongoing STM population diversity and focus on 
new genotypes as reservoirs from which future epidemics might emerge



…Call for papers                   

31 September 2020
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