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I. INTRODUCTION Finally, nodes have no internal dynamics and have no be-
havior. In real life people are constantly moving about and

Network models for the spread of infectious diseases in urtheir daily routine is going to de ne dynamically with whom
ban areas can be divided into two major classes. The rsthey will most frequently interact. Acquiring a disease htig
and more traditional class of models comprises the conta@hange the behavior of the agent, and that will modify the
network models [10], [1]. Such networks consist of an undi-Places it usually visits, consequently altering the strcef
rected graph where nodes represent agents (e.g., peogle) dhe interaction network of that_agent. Thus, the behawdn@f
edges correspond to the potential interactions among the@§/ents s crucial to the dynamics of the infection, and ptaen
agents, by means of which the transmission of the disease c&Range in this behavior confers plasticity to the network.
occur. Weights associated to the edges de ne the probgabilit While the contact network model is over simplistic, the sec-
of transmission in case one of the agents is infected. Irethosond class of models, the so-called realistic or detailed-mod
models, different network properties are implemented g0 th €ls [14], represents the other extreme in the complexitiesca
their in uences to the dynamics of the outbreak can be invesRealistic models like Episims [4] intend to simulate an enti
tigated. A better understanding can then be used to develdfity in its minimal details. Synthetic households have gen-
new means to deal ef ciently with disease outbreaks in theder, role in a family, age, and well-de ned daily activitiasd
real world. For example, one might be interested in underschedules. Episims estimates the coworkers of a given house
standing how the removal of the hubs in a power law networthold, the type of transport it uses, and the time of travel to
would affect the spread of the disease; analyzing the incgen different locations. The model creates an almost living cit
of the clustering coef cient or connectivity degree of thetn ~ Where the spread of an infection can be simulated.
work to the velocity in which the disease spreads; simujatin ~ Although a myriad of details are included in these models
the effect of a certain vaccination strategy in differentvoek  in order to increase their realism, the tremendous complex-
topologies, etc. [11], [12], [13]. ity that results from this approach has disadvantagest, Firs

Although these models have served well to increase ousuch models are extremely computationally intensive. Simu
knowledge about the dynamics of outbreaks in idealized sitlating an entire city may take days even in a supercomputer,
uations, they are still very limited and do not represent im-and researchers often avoid having to perform these exgensi
portant aspects determinant to these phenomena. Firdt of agxperiments. Many of the works on Episims, for example, use
the static structure of the network is usually biased. Itds n the detailed estimated data to generate a static contaebriet
possible to know in advance which and how people interactthat can be more easily analyzed and does not require simula-
and thus a static network in which interactions are pre-éd n  tions [4], [3].
is not adequate. Moreover, making the edges correspond to Second, more “realism” in a scienti c model does notimply
interactions with the acquaintances of a certain individioa ~ more accuracy. The realistic models have dozens of parame-
example, is unrealistic, since people often acquire thecinf ters to be adjusted [5], which consist of a great source a&foi
tion from people they don't know. A slight change in a single parameter may potentially affect

Another problem is that there is no spatial information inthe entire output of model — it becomes hard to distinguish
such models. For example, the disease tends to spread to thetween what is really fundamental to the phenomenon being
nearby regions rst before reaching farther places [2]joag ~modeled and what is a super uous detail. It is well known
of the space may have increased density than others and thisem Model Selection theory that a model should be made as
have different transmission rates. These aspects havegstrosimple as possible and in order to be robust and reliable [8],
in uence to the dynamics of the infection and cannot be repreand the addition of any extra parameters generally requires
sented in contact network models. Besides, measures to deah exponential increase in the amount of data to validase thi
with infections that consist of isolating certain regionsa  model, an effect called curse of dimensionality [9]. For the
city or vaccinating speci ¢ neighborhoods cannot be imple-spread of infectious diseases in urban areas for which tize da
mented. is often noisy, sparse, and outdated, a model with increased

The locations where people meet each other is another intomplexity is not justi able, and may potentially resultdie-
portant information that is usually not represented in tae n creased reliability [5].
work models. Infections occur at speci c places, like sdspo In this paper we propose a network model for the spread
churches, theaters, etc. Whether the place is crowded or nof infectious diseases that overcomes the main limitatafns
or whether it attracts people from different and farthecpla  the contact networks by considering spatial information, e
for example, will shape the spatial and temporal patterns oplicit locations, and agent behavior in its representatibime
the transmission. model is also very simple and has a small number parameters



— it does not require a supercomputer to run and avoids theonnection to a location should also be directly propoglon
complexity issues of realistic approaches. to the capacity of the location.

In order to demonstrate the applicability of the model, we In order to implement this idea a hill curve will be used as
perform experiments that contrast three different measiare indicated in gure 1, where thg-axis corresponds to the dis-
control outbreaks in a city. The results obtained provide im tance of a location relative to the initial position of theeag
portant insights to the spread dynamics of an infection in urdivided by the capacity of the location, and $haxis repre-
ban areas as well as to how this spread can potentially be cosents the probability of the agent in establishing a conoect
trolled. to that location. Thus, according to the gure, the shorter t

We acknowledge that other models exist that do not exactlglistance and the greater the capacity the greater the glityoab
t into the two categories described above [15], [16], [17]. of establishing a connection with that location. Gravitydab
Since it is not possible to address all of them, we focused owas also used in [2] to model infections diseases, though the
the ones we consider most relevant to this work. implementation presented here is slightly different.

I. THE MODEL

The model proposed consists of a bipartite graph where the
agents (people) are connected to locations (schools, sf ce
restaurants, etc.), and there are no connections between lo
cations or among people. Each agent has a certain number
of connections to locations, representing the places @liysu
goes to. During the simulation, each agent randomly tragers
its own set of known locations, where they will potentially
meet other people that also visit those places, and a trans-
mission can take place if one or more of them are infected. ] ] . ]
Each location has a capacity, that is, the number of peopIEIG' 1: Hill curve modeling the probability of connectionadoca-
that usually go there, and the connectivity of the locat®n i tion.
proportional to its capacity. These capacities are disteith
according to a power-law with a negative exponenso that
there is a large number of locations with very small capacity

Probability of connection

Distance/Capacity

By de ning random positions for the locations and for the
agents, using a power-law to de ne the capacity of the loca-

and a small number of locations with very large capacity. . 4 . .
Using the data provided by [6] about the city of Portland intlons, and using the gravity model described above to set the
connections of the graph, a network as the one shown in g-

Oregon, we can generate graphs that resemble a real city [\
terms of the properties being modeled here. According o thi Ure 2 can be generated.
data, a person goes on average to approximatéldifferent
places a day, and the size of the population is about 8 times
the number of locations. The expondnbf the power-law
that de nes the capacity and connectivity of a location is re
ported to be 2:8. In order to generate our bipartite graph, the
position of the locations in a plane is rst de ned at random
and their sizes follow the distribution de ned by the power-
law. People are also assigned to random initial positions in
this plane, and each person will visit (i.e., be connect@@to
different locations.

Our last detail concern is de ning the locations a given per-
son visits — this is when the spatial information of the model
is introduced. Following the idea of the gravity model used i
transportation theory [6], a person tends to go more often to
places that are close to where they live, thus the probgbilit ~ FIG. 2: Sample city generated using the rules describeckitetkt.
having a connection to a location is inversely proportidoal
the distance to that location. Furthermore, people caretrav
longer when the capacity of a location is greater, sincesther The gure does not show the agents explicitly, only their
are fewer of them. Thus, in general one would travel a longconnections to the locations. The radius of the circle repre
distance to go to the Walmart or to the city's airport (which senting a location is proportional to its capacity. Note tha
have great capacity and are in relatively small number)dfth larger the circle, the larger its connectivity in the graptid a
have to, but they would probably not have to go far in orderthe longer these connections tend to be.
to nd a fast-food restaurant or a grocery store, which are in  The city in gure 2 has3000agents an@75locations. It
much greater number. Therefore, the probability of making as small instance of an urban area with the same ratio between
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population size and number of locations as Portland. Larger 2000
samples could be obtained with a linear increase in the com-
putational cost of the simulation, but for this paper werrest 25001
our virtual cities to small samples.

As said before, at each iteration every agent moves to a ran-
dom location to which it is connected. In a given location the
agent is paired to another randomly chosen agent that is also
in that location, and if one of them is infected there is a prob
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ability p that this infection will be transmitted. We start the s00|

city with only one infected seed and watch the spread of the

disease over the city after a number of iterations. Figure 3 % 20 0 o 80
depicts this process withset to0:1. Healthy people are rep- Time (iterations)

resented as black dots, and infected ones as red dots. &igure
3a, b, ¢, and d show the respective states of the network after
10, 20, 30, and 40 iterations. Notice the network is now dif-
ferent from the one in gure 2 — the statistical propertieatth
generated the graph are the same, but the sample is a differen

one. person was found sick (e.g., a school) is isolated and nobody
can get out or in that place. The government of course pro-

vides food and other resources, but people have to stay there
in quarantine for a secure period of time.

We use our model to test the effectiveness of this measure.
First, it is necessary to consider some delays betweemntiee i
when the person acquires the infection and then becomes a
transmission agent to the time it starts to show the symptoms
If this delay is very small or zero, isolating places where-pe
ple are found sick will work perfectly, for all the transmims
agents will be caught in this process. Unfortunately, there
a delay in the infection, and the larger the delay the farther
away the transmission agents may be from the place where
they were infected.

We test the model on different delay values and the perfor-
mance is then evaluated in terms of the number of locations
that have been isolated as well as the number of people in the
city that have been infected. The results obtained are shown
in gures 5 and 6 (solid line). Note that this measure actuall
works very well if the delay is not too large. But when the
delay achieves abo@ iterations% of the city is infected and
this number grows even more as the delay increases. In the

Observe that the infection starts spreading at the north reend, pretty much the entire city has to be stopped, and almost
gion of the city, nearby regions are infected rst, and sde t the whole population gets infected (recall that the city aas
entire city is infected. As expected, the spread of the iidac  total of 3000 habitants and@75locations). This implies that
follows a logistic curve, with an exponential growth intre-b  the measure was unable to control the spread of the disease
ginning and a later saturation when almost all inhabitards a for large delays.
infected. Figure 4 shows the evolution curve for this outkre We now modify this measure used by the Chinese govern-

ment for something slightly different. When a person is foun

sick, isolate not only the place where it was found at, but
. EXPERIMENTS AND RESULTS also all the locations the person usually visits. This ofrseu

would be very hard to implement in practice, but a govern-

In this section we use the proposed model to implemenment could try to isolate instead the most recent places the
three different control measures for disease outbreak® Thperson has visited. In our model since each agent visits only
experiments show how the model can be used to analyze thetfree places, this is easy to implement. One could expect a
measures and provide a better understanding of the dynamigseat improvement when this measure is applied, since we are
of the phenomenon being modeled. backtracking all the places the infected agent has visited,

During the epidemics of SARS (Severe Acute Respiratoryother infected people may be found in some of these locations
Syndrome), the Chinese government implemented an interFhe results are shown in gures 5 and 6 (dashed line).
esting measure to control the disease [7]. Whenever a personNote that although there was improvement for some values
shows up with the symptoms of SARS, the place where thadf the delay, the performance of this method is still very-sim

FIG. 4: Logistic growth of the infected population.

FIG. 3: Evolution of the infection in the virtual city.
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FIG. 6: Performance of the three measures over differemtydell-
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The results are shown in gures 5 and 6 (dotted line). Ob-
serve that this measure works much better than the previous
ones for large delays, leading to a smaller infected popula-
tion. Also the number of isolated locations is smaller, thus
is appealing to the government due to lower cost. For very
small delays, though, the rst and second measures are more
ef cient, since fewer locations have to be isolated, but the
performance in terms of infected population is approxityate
the same. It seems from the comparison of these methods
that space representation, often ignored in computer rapdel
carries more valuable information from an epidemics cdntro
point of view than the structure of the graph.

IV. CONCLUSION

The experiments performed demonstrate the potential of the
proposed model to represent relevant aspects of the dyaamic
of an infection, and show how it can be used to test epidemics
control measures that can be implemented in the real world.
This is just one potential application of our method — the
model is extensible, different behavior patterns of thenége
can be explored as well as different topologies and infectio
transmission characteristics.

The results reveal how the spatial information is an impor-
tant factor to the spread of an infection, and how this infor-
mation can be used to ef ciently deal with an outbreak. Since
people tend to go to nearby places more often, the infection
spreads locally rst, and this can be used as good a guess to
where other infected agents might be located. And excep-
tion to this rule is made by the highly connected/great ca-
pacity locations, the hubs of the bipartite network. Lomasi
with great capacity are able to attract people from fartkeer r

ilar to that of the rst measure applied. Particularly forye gions, and this considerably distorts the spatial behavior
large delays, it appears from the graph that the performanate spread. Fortunately, the number of such locations ifl sma
of the second measure decreases fast enough so that it will b@d the assumption of the locality of spread still works well
surpassed at some point by the performance of the rst meaenough when trying to control the infection. Probably, even
sure. It seems, then, that backtracking the agent's path doetter control policies could be achieved by rst isolatithg
not give a good estimate for where the infected agents are |ajreat capacity locations in order to increase the locafithe
cated — we need something else. spread, followed by the application of local measures te con
For the third and last measure, a different strategy is usedrol the spread of the disease.
Instead of isolating only the location where the disease was
found (as was done in the rst measure), all the nearby lo-
cations within a radius are also isolated. Notice we are
taking advantage of the spatial properties of the infection
which tends to spread to nearby regions rst. Hence, the spa-
tial information is being used to guess where the transomissi  This work was supported by a grant to UNM from the
agents might be next, thus anticipating the infection. ror o Howard Hughes Medical Institute and by the Adaptive Com-
virtual city located in a one-by-one square a radiu6:tfvas  putation Lab.
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