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ABSTRACT: Estimating the spatial spread of an infectious diseaseaitfira mobile
human population is an important aspect in guiding publalthepolicy in the event of
a large scale outbreak. In this paper we consider ensemblasge stochastic meta-
population patch models for the spread of an infectiousagisén the United Kingdom
parameterised by realistic population size and movemeat ttaparticular, we consider
the use of a Cray XT3 for these types of model at varying levEisodel detail. For each
case we conclude that high performance computing can be#isént tool in assessing
the impact of a newly emerging disease and any availablgatiitin strategies.
KEYWORDS: Infectious diseases and public health; message passiatgbdity;
meta-population; compartmental.

1 Introduction tion of homogenous mixing can quickly break down.
Models which incorporate spatial structure thus become
Infectious diseases can have a significant impact on themportant at such scales. Recently developed models
health of large numbers of people. The possible emerhave been agent-based, such a&lin [5], where detailed in-
gence of a pandemic strain of human influenza, for exformation is stored about all of the individuals in the pop-
ample, is currently of great concern. Pandemic influenzailation including their disease state and interactions, or
has been estimated to be responsible for the deaths ebnsider meta-populatiorig [6]. In this paper we consider
between20 and 100 million people in the last century a meta-population patch model for the spread of infec-
alone (in 1918-19, 1956-57 and 1968-69)]1, 2]. Thetious disease. At a local scale the homogenous mixing
introduction of the SARS virus in East Asia emphasisedassumption is retained, but consideration is paid to the
the possibility of rapid worldwide spread of an infectious long-range interactions that are presented. This model
agent [8]. In addition, there are fears of the deliberateformulation has the advantage of being more easily pa-
re-introduction of previously eradicated diseases such asameterised and more computationally tractable than cor-

smallpox [4]. responding agent-based models. The model structure
Modelling the spread of an infectious disease is arnchosen is described in Sectidn 2.
important step in guiding public health policy with re- All of these model types rapidly develop complica-

gards to the mitigation of their effects. Commonly usedtions beyond those of simple models, and attention must
models describe the transmission of a disease by corbe paid to developing methods to solve them. In Sec-
sidering the contacts of individuals. With the assump-tion[3 we describe a parallel algorithm suitable for use
tion of homogenous mixing any one person is as equally on distributed memory machines. This method is imple-
likely as any other to make contact with—and be subsemented and run on a Cray XT3. In addition, we target
quently infected by—an infected person. These modelsan Opteron cluster and compare the performance against
through their simplicity, can quickly give an indication of that of the Cray machine.
the likely toll of such a disease when certain parameters To give a more reliable indication of the likely be-
are known. haviour of transmission it is necessary to include stochas-
However, particularly when considering large popu-tic effects. There is likely random activity in the contacts
lations such as occur when modelling the global spreadnade by individuals, infection between individuals, as
of a disease, or even spread within a country, the assumpvell as in the disease progression in a single host. With



these stochastic models it is necessary to take an ensetnansition to aremoved state, where they are deemed to
ble of realisations large enough to limit the effect of ex- no longer be infectious or liable to reinfection.
treme, but rare, events. In addition, it is necessary to in  During the infectious period of the disease an indi-
some way quantify the “average” behaviour of the dy-vidual would make contact with others and the number of
namic system. Typically, the median of the results atresulting secondary cases would, on average in an other-
large spatial scale is used to provide indicative behayioufwise completely susceptible population, be basic repro-
but a detailed description of the output analysis is beyondjuction numberR,, of the diseasé 12].
the scope of this paper. In this paper we use a slight variant of this com-
partmental structure which utilises more compartments.
Firstly, we create an extend&dIR-type model, intro-
2 Themodel ducing aprodromal, P, stage, which occurs after the la-
tent period but before the infectious period. During this
In this paper we consider a meta-population patch modgbrodromal period the individual may be infectious, but
of the spatial dynamics of an infectious disease in thepossibly less so than those individuals in the classical in-
United Kingdom[[7]. The patches we consider are takerfectious stage, and will express no symptoms or less se-
to be administrative regions of the constituent coun-vere symptoms than later in the disease progression. In
tries with population sizes as given by the 2001 Cen-addition, we split the infectious compartment in two, to
sus [8,[9,1I0]. Connections between the patches arereate a symptomatic infectious compartméngnd an
determined by thdravel to Work statistics of the Cen- asymptomatic infectious compartmeAt,where one in-
sus, which reflects the movement of people living in onedividual would be either symptomatic or asymptomatic
patch and working in another. At each level the geo-during their infectious stage. Finally, the removed state
graphic coverage of the constituent countries (Englandis split into arecovered, R, state and alead, D, state.
Wales, Scotland and Northern Ireland) is complete. Herdisease progression in this framework is characterised
we use the administrative levels of electoral wards, a toas shown in FigurEl1 and the full population model is
tal of 10608 patches, and districtd%6 patches). created by tracking the proportions of the population in
Each day of the model is split into two parggy-  each disease compartmentand examining transition rates
time andnighttime. During daytime steps individuals are for the populations. Each compartment is therefore de-
taken to be active, with regard to the disease dynamicsscribed by a single number and indicative equations for
in the patch in which they work; during nighttime steps the transitions can be found in, for examplé, [7].
individuals are active in their home patch. Each patch, Secondly, we considermseudo-individual model by
therefore, has avorking population during the daytime extending the concept of a compartment to chart the his-
stage, and aesident population during the nighttime tory of disease progression for each individual in Hye
stage. Those individuals who live and work in the sameP, I or A states. Upon transition to any one of these com-
patch will contribute to both populations of that patch. partments the length of time the individual is to spend in
Through this population movement there is the pos-that state is taken as a sample from a distribufioh [13]. In-
sibility of the spatial spread of an infectious disease: adividuals are then grouped by their compartment and the
person may be infected through contact with an infec-departure time of that compartment. The number of steps
tious person in their work patch and take this infectionfor a given compartmentis determined by the disease ki-
with them to their home patch. netic parameters. For smallpox the latent, prodromal and
The dynamics of the disease progression are taken tifectious periods are taken to be, 2.5 and8.6 days,
be a compartment&lEIR-type structure[[T1]. Thatis, respectively, with arky value of5 [4], whereas for pan-
an individual could be described initially assceptible ~ demic influenza we take periods 1 and1.5 days with
to the disease. On infection they would becoeqgosed ~ Ro = 1.8 [14].
(also known as being in the latent period of the disease Each of these extensions to the baSkEIR-type
progression), in which state they remain for a period ofmodel can be further complicated by additional compart-
time known as the latent period of the diséhstpon  ments to reflect an increasing complexity of disease ki-
conclusion of the latent period, transition is undertakemetics. For example, compartments could be added to
to an infectious state, whereupon there is the possibilitydetail possible intervention strategies such as vaccinati
of infection of those in their own susceptible state. Afterand hospitalisatior[[7]. Such scenarios, and an analysis
the infectious period of the disease, the individual will of the simple and pseudo-individual models, and their

1The latent period of a disease, and other such parameterbecapproximately determined by epidemiological studies.
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Figure 1: The compartment based progression of diseasadbriadividual in the basic SEIR-type model and the
pseudo-individual model. The boxed compartments coriitiuthe force of infection acting on the susceptible pop-
ulation. Compartmental transition is indicated by the dalirows and in the case of the pseudo-individual model
transition to the compourid, P, T andA compartments is governed by a probability distribution.

comparison, form part of ongoing work and, for the saketoral ward level. As the timestep decreases, or the num-
of clarity, are not further discussed here. ber of compartmental disease states increases, the total
The full meta-population patch model contains manynumber of pseudo-individual compartments increases.
groups of these populatidSEIR-type structures. Each
patch is described by a number of subpatches, with a
subpatch of a patch describing the resident population The greater availability of cluster or high perfor-
of that patch commuting to distinct working patches (in- mance computing in a public health policy setting leads
cluding the population living and working in the same naturally to a consideration of an implementation of this
patch). In this way, a patch of an-patch system con- model with distributed memory. With this approach, the
nected by commuter movements to every other patch wiltlistribution of patches, and the passing of messages re-
be described by subpatches, whereas a patch connectedhated to their interaction, becomes key to the efficiency
to only one other will be described Wy patches. The with which the model can be run. Even when the prob-
overall size of the meta-population patch model is theredlem size is not very large—so that the model implemen-
fore O(n?>. ;) where{(,*,-}é\;1 are the sizes of the/  tation may be run on a desktop machine, or a single
compartments in thBEIR-type structure. node of a cluster—the requirement to address multiple
In practice, it is not the case that every patch is con-stochastic realisations to obtain representative bebavio
nected to every other patch—at large geographic dismeans that it may be desirable to split each individual
tances commuting between patches decreases—and &galisation over many processes. Instead of using many
the number of subpatches per patch varies. As can bprocesses to run an ensemble of realisations (one model
seen in Sectiol 3.2 there can be significant variation irfun per process, for example) simultaneously, splitting
the connectedness of individual patches. The total numthe model over many processes allows for an accumula-
ber of subpatches at the level of electoral ward®(8  tion of results over time. The increasing availability of
patches) id, 550, 819, rather thari 12, 529, 664 (1.4%).  results over time may be of great help in a public health
For the district level there ag2899 subpatchesi6.7%).  setting at a time of a response to a developing situation,
such as will be the case with a new introduction of an
infectious agent, in preference to a wait for a final, more
3 A parallel algorithm accurate answer. The final cost of the overall answer in
this manner will be greater than that obtained by split-
At large problem sizes, the implementation of the modelting the ensemble. The relative costs will be related,
becomes impractical to be run on desktop machines. Faagain, to the efficiency of the message passing and the
a disease such as smallpox with long latent, prodromalpad balance obtained. In this paper we therefore con-
and infectious periods, the pseudo-individual model will sider the splitting of smaller problems to both elucidate
require a large number of steps in those compartmentshe message passing ideas incorporated into the model
With a timestep of a quarter day the pseudo-individualimplementation and to conclude that a many-process ap-
model we use has the equivalent of arodfid compart-  proach may be obtainable without too much cost to the
ments for each of thg, 550, 819 subpatches at the elec- benefit of those in the public health policy arena.
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We begin splitting the meta-population patch model de- Nighttime \

scribed above by allocating individual patches to pro- ¢ ¢ ¢ ¢ 3 l
cesses. For fine spatial scales, the number of patches inDaytime | | | | [SEEREE ‘ 1
the model will generally be much greater than the num- I | ‘
ber of processors available in the computer. Further, as Subpatches ASREEEEEE !
we shall see in Sectidn 3.2, our load balancing require- O S S

ments are such that we will wish to assign many patches

to each process, even when the number of patches is ¢figure 2: Dynamics of the meta-population patch model

the same order as the number of processors available. in a single patch of a four-patch system showing the
It is important to note that, aside from the externaldiffering interaction of subpatches during daytime and

effect of disease importation to a patch, all steps in thenighttime steps. Only one remote aggregation of sub-

calculation for the disease progression in a patch are depatches is shown with outgoing messages indicated by

termined completely by information held on the processdotted lines and incoming messages by dashed.

owning the patch. This external effect is characterised by

aforce of infection and is determined by the population  Thjs aggregation of the force of infection acts as a

sizes of theP, A, andI compartments of all of the sub- synchronisation barrier in the computation. The alterna-

patches within a patch (the contributing subpatches to gve implementation of passing subpatch information so

given patch will differ during the daytime and nighttime that a process works on alternatively day and night patch

steps of the model). populations contains two such synchronisations and with

A naive message passing implementation will haveg significantly greater volume of passed information.
each process tracking the movement of subpatches from

patch to patch across the daytime—nighttime change and Local accumulation
reconstruct patches each time. However, it is clear that,
Patch 1 Patch 2

L T ]
for many-compartment models, the description of the
subpatches is of much larger size than that of the force
of infection that is required to describe the interaction
between the various patches.
More efficient is to pass only information regarding - ! |-

the force of infection. Here, all subpatches are retained ‘
by the process holding the home patch to which they '
belong. During nighttime steps the dynamics progress o
using the aggregation of the force of infection of sub- Received infection force
patches within their own home patch. As all of these
subpatches are held locally, no remote communication i§igure 3: Message passing with many patches per pro-
required. cess. In this four-patch example two processes own two
During daytime steps, however, information is re- patches each and messages are passed between them.
quired from remote processes regarding the contributio®hown is the local action by one process only with the lo-
from patches to the force of infection to which each sub-cal aggregation of the forces of infection for subpatches
patch is exposed. The overall force of infection is re-3 and 4 from each patch.
trieved by the passing of two messages. In the first round
of message passing, each process sends details of t%ez
contribution to the force of infection for all subpatchesto
the corresponding host processes of the daytime patcheghe final step in the construction of the model implemen-
The forces of infection of all subpatches in the sametation is to assign home patches to processes. The cur-
working patch are then aggregated and this informatioment implementation of the meta-population patch model
then distributed to the process holding the subpatches afiescribed above uses only static distribution of patches
fected by this force. A schematic for these messages iamongst processes. That is, each patch is assigned to
shown in FigurdR2. Following this aggregation, the dy-a process prior to the commencement of the simulation
namics on the various patches can be computed. where it remains throughout. The layout of these patches

Patch distribution and load balancing



is key to the efficiency with which the simulation runs as cessor counts. Further, for the smallpox model, with the
it directly relates to the load balancing of the system.  highest computational load, the scaling is best. In all

The only significant communication between pro- cases, the scaling for Palu is in line with lluvatar. How-
cesses during the simulation arises during the popula€Ver. Palu retains good scaling for process counts higher
tion movement. Assignment of patches to processes callan are possible on the smaller machine.
focus on optimising this communication or optimising ~ Results (not shown) for the very small problem hav-
the load balance of the computation stages. The relativéd 426 district patches show very poor scaling for all
cost of the communication is decreased as the number ¢girocess counts. As stated before, this is mostly a result of
compartments in the subpatches is increased. To this erff€ limitations arising from the small number of patches:
we consider the strategy of arranging patches so that thésing 128 processes to share 426 patches, for example,
number of subpatches allocated to each process is clodgads to a very high load imbalance, even with optimal
to that allocated to all the others. This is motivated byPacking.
the understanding that the amount of computation each ~ Similar scalability curves can be seen when using an
process is required to undertake is roughly proportionafrigin 3800.
to the number of subpatches. The distribution of patches
in this way is a bin packing problem and in general it . .
will not be possible that each process is assigned exactlﬂ' Discussion and further work
the same number of subpatches: f6608 patches and , ,

1,550, 819 subpatches the range of subpatches-per-patc}i tiS paper we have examined a compartmesitdRR- -
is 3to 445, and assignment to 16 processes sees the rané@e meta_-populatmn patch model for the spread of in-
of subpatches-per-process tol93, 736 to 193, 872. As _ecpc_)us disease. We have sh_o_wn that with Iar_ge pseudo-
the process count varies, so does the load imbalancir:é‘d'v'dual models the scalability of the algorithms de-

as measured by the difference between the maximu cribed is good, and this holds on a range of machines.
As these models increase in complexity in the future,

and the minimum of the subpatch allocation size. Fur—b he i , ¢ furth
ther, there is additional variation in this distribution as Y the mchporstlQn 0 u_rt er cqrr;partrrepts or hmore
the structure of the connection matrix changes. patches (_e|t er by increasing spatial resolution or the en-
When th ol tch compassing of greater areas, such as for the US, Europe
en there are multiple palches per process, MeSs. yya \whole world), our results suggest that increased
sage passing can be made more efficient by local ACCU 2 lability will be attained

mulation of forces of infection where a process holds in-
formation regarding the same subpatch on a remote pmdility may not be immediately apparent. Indeed, the

cess. That is, the forces of infection for two SpratChesénsemble nature of the problem from a public health
('ntdk']St'nCt Eome patcr:ecsj)btart%etmg t_he same Wotr)k'fn%iewpoint suggests that the most efficient usage of many
patch may be aggregated by the owning process DEIOrg, , o 5sa5 would be to spread the individual realisations

communlcatlon._ In ‘."‘dd'“"f" only one copy of the re:turr_l across those processes. For very small problems, such as
global aggreg"’?“or? is required. This local aggregation 'She district level models, this would be the optimal ap-
demonstrated in Figulg 3. proach. However, with the efficiency of this algorithm,
To examine the efficiency of this splitting of the we have seen that even for the moderately sized prob-
model and message passing we create scalability cCurvgsms presented here the costs of splitting the realisations
for the model at the level of electoral wards USing bothso that there is more rapid attainment of ear]y, indica-
the simpleSEIR-type compartments and the pseudo-tjve, results is outweighed, from an emergency response
individual compartments. These curves are shown iRjiewpoint, by the availability of these results. This is
Figure[3 for runs on Palu—a Cray XT3 with 1664 more keenly felt when the runtime of a realisation be-
dual-core Opteron processors and SeaStar interconneglpmes significant.
owned by the Swiss National Supercomputing Centre—  However, the model can be extended in ways which
and lluvatar—a 88 core Opteron cluster with Gigabit complicate the message passing that is required. At
Ethernet interconnect, owned by the Health Protectioryresent, the only interaction between the patches is in the
Agency. movement of population. Model details which increase
For the simple SEIR-type model scaling is quite poorthe dynamic interaction between patches, such as consid-
for increasing CPU utilisation. However, as the com-eration of policies which act on groups of patches, can be
putational demands increase with the use of the pseudantroduced and these could serve to reduce the efficiency
individual model, the scaling becomes good for high pro-of splitting meta-population patch models in this way.

For small problems, the advantage of good scala-



10

10

lluvatar PI luvatar Pl
lluvatar SX lluvatar SX
Palu PI Palu PI
Linear Linear
o o
O e (& s
7 //
7 o =
v// -
10 16 32 64 10 16 32 64 128
Process count Process count
(a) Pseudo-individual (b) Simple

Figure 4: Scalability curves for the meta-population patotdel at the level o 0608 electoral wards1(, 550, 819
subpatches) for (a) the pseudo-individual and (b) the sropses.

Finally, the spread of infectious disease is a spatially =~ SteveLeach is Scientific Head of the Microbial Risk
explicit dynamic process. In this paper we have only con-Assessment programme.
sidered static load balancing. As models become more
complicated there are likely to arise significant differ-
ences in the computation load of patches over time (aRefer ences
disease activity passes through the patches). In this sit-
uation dynamic load balancing must be considered andil] Johnson, N.P., Mueller, J.: Updating the accounts:

this forms part of ongoing work.

global mortality of the 1918-1920 “Spanish” in-

In conclusion, the spread of infectious disease in a fluénza pandemic. Bull. Hist. Med. (2002):105-15

human population continues to present problems in biol-
ogy, public health policy and in the field of high perfor-

mance computing. The development of efficient meth-
ods for solving these systems will remain important, and

facilities such as the Cray XT3 and the upcoming XT4[3] Anderson, R.M., Fraser, C., Ghani, A.C., Donnelly,
offer valuable means beyond those of smaller clusters.
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