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Plausible Models for Propagation of the SARS Virus
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SUMMARY Using daily infection data for Hong Kong we explore the
validity of a variety of models of disease propagation when applied to
the SARS epidemic. Surrogate data methods show that simple random
models are insufficient and that the standard epidemic susceptible-infected-
removed model does not fully account for the underlying variability in the
observed data. As an alternative, we consider a more complex small world
network model and show that such a structure can be applied to reliably
produce simulations quantitative similar to the true data. The small world
network model not only captures the apparently random fluctuation in the
reported data, but can also reproduce mini-outbreaks such as those caused
by so-called “super-spreaders” and in the Hong Kong housing estate of
Amoy Gardens.
key words: SARS, surrogates, epidemic models, small-world networks

1. SARS in the SAR

The redundantly named Severe Acute Respiratory Syn-
drome (SARS) [1] appeared in the Guangdong province of
China in November 2002 and spread to the Hong Kong
SAR∗. From Hong Kong, the virus spread throughout the
world: largely due to the airline (small world) network hub
in Hong Kong. The economic and social effects of the
SARS associated coronavirus (SARS-CoV) have been sub-
ject of much attention in the popular media [2] and have
been widely reported. Less well reported, but no less un-
usual is the effect this disease had on academic activities,
including the cancellation of the 2003 International Sympo-
sium on Nonlinear Theory and its Applications.

In this report we analyse the time series of daily re-
ported SARS cases in Hong Kong and test the validity of
three distinct types of models: (i) stochastic models gener-
ated from surrogate data; (ii) standard susceptible-infected-
removed (SIR) models; and (iii) small world network mod-
els. We find that the small world network models are the
only models capable of reproducing the quantitative be-
haviour of the time series of SARS cases in Hong Kong.
Moreover, these models also exhibit many features char-
acteristic of this epidemic: a small fraction of individuals
show a very great propensity to infect others (the “super-
spreaders”); and, propagation of the SARS-CoV within cer-
tain physical locations led to a large number of infections
(the outbreaks in Prince of Wales Hospital and Amoy Gar-
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Fig. 1 Daily reported SARS infections. The top plot shows the daily
number of SARS infections in Hong Kong. The lower plot are the
daily number of SARS cases reported in Taiwan (dot-dashed), Singapore
(dashed), and the Chinese mainland (solid). For the purpose of compari-
son, the numbers on the lower plot are normalised by the maximum daily
tally. The maximum daily tally for Taiwan, Singapore and China was 26, 13
and 203 respectively. The data for Taiwan and Singapore has been revised
based on case information after the epidemic, this has not been possible for
the China data.

dens Housing Estate).
Figure 1 shows the daily reported SARS cases in Hong

Kong between 15 February 2003 and 15 June 2003. Com-
pared to the data for other territories (lower panel of Fig. 1),
the data for Hong Kong appears to be more complete (com-
pared to Taiwan), more accurate (compared to the Chinese
mainland∗∗) and over a longer time period (compared to Sin-
gapore). The data for Hong Kong is shown as two time se-
ries, the original daily number of cases, as recorded by the
Hong Kong Department of Health, and revised figures re-
leased after a more detailed analysis of the true infection
path [3]. The revised data offers a more accurate picture of
the true daily number of infections, but this data uses in-
formation not available at the time of the outbreak and we
therefore do not analyse that data in this report. It is pos-
sible, for example, that the revisions that led to this data
could implicitly assume certain model structures (or incu-

∗That is, Special Administrative Regio of China, not to be con-
fused with the virus.
∗∗In fact, various sources for the Chinese mainland data showed

widely divergent estimates. Furthermore, subsequent analysis has
shown that the original data significantly over-estimated the effect
of the SARS-CoV.
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bation periods) that are not immediately evident from the
data alone. Our interest is in the analysis of the raw data to
determine which model does best describe what is observed.

In Fig. 1 we observe several interesting phenomena.
Both the raw and revised data exhibit extreme “burstiness”
associated with a large number of cases being reported si-
multaneously. This, presumably, is a direct consequence of
a corresponding large number of infections resulting from
the actions of a single “super-spreader event.” Moreover, we
see that although the data exhibits apparently exponential
decay at the end of the outbreak, initial exponential growth
is not so evident. With a relatively small number of early
infections individual events (such as super-spreaders) dom-
inate the general exponential trend.

For the current analysis, let xt denote the number of
suspected SARS cases reported in the Hong Kong media
(based on statistics published by the Hong Kong department
of Health) for day t and we start with x0 = 0. Hence t is
the number of days since 11 March 2003 (March 12 is the
first day of recorded SARS cases in Hong Kong, infections
prior to this date were only identified in the revised data).
For notational convenience we denote the entire time series
as {xt}t = {xt}Nt=0 = (x0, x1, x2, . . . , xN).

The remainder of this paper describes the analysis of
the original data in Fig. 1(a) with three different model struc-
tures. In the next section we describe the application of sur-
rogate data techniques to test the Hong Kong SARS-CoV
time series against the hypothesis that inter-day variability in
the reported incidence of SARS-CoV is random. In Sect. 3
we assess the accuracy of the SIR model and in Sect. 4 we
describe the small world network model.

2. Random Variability

The simplest model of disease propagation is that of a ran-
dom walk such that x0 = xN = 0 and xt ≥ 0 for t = 0, . . . ,N.
The duration of the disease, N, is essentially a random vari-
able. The inter-day variation is random and, according to
the Central Limit Theorem, the disease will eventually die
out.

Our first task is to transform the data in Fig. 1 to have
zero mean and be approximately independent and identi-
cally distributed (i.i.d.)†. We do this by taking the difference
of successive values

z(1)
t = xt − xt+1

or taking the log-ratio of successive values

z(2)
t = log

xt

xt+1
.

Both {z(1)
t } and {z(2)

t } are depicted in Fig. 2. We note that
because there is an underlying pattern in {|xt |}t we expect
that {z(2)

t } will offer a time series closer to i.i.d than {z(1)
t }.

By testing both {z(1)
t } and {z(2)

t } we are examining data
which has had obvious trends removed. An alternative, but
equivalent approach would be to separate the data into sub-

Fig. 2 Inter-day variability. Variability between daily values plotted as
the difference xt − xt+1 (top plot), or log ratio log xt

xt+1
(lower plot).

sequence, where, during each sub-sequence, the data ap-
pears to be stationary. We do not consider that approach here
as the demarcation between subsequences would be some-
what arbitrary and the shorter subsequences would be less
likely to yield statistically significant results.

We now apply the method of surrogate data [4], [5] to
determine whether the transformed data in Fig. 2 is statisti-
cally distinct from i.i.d. noise. Note that this is equivalent to
testing whether the raw time series {|xt |} is a random walk.

To test for i.i.d. noise the method of surrogate data
specifies that one should generate an ensemble of surrogate
data sets. Each surrogate data set is a realisation of an i.i.d.
process, but is otherwise “like” the original data. From this
ensemble of surrogates one estimates some statistical quan-
tity and compares this distribution of statistic values to the
statistic value for the true data. If the true data has a sta-
tistical value typical of the surrogates then the underlying
hypothesis (in this case, that the data is i.i.d.) may not be
rejected. If the data is atypical of the surrogate distribution
then the hypothesis may be rejected.

To generate suitable surrogates, we wish to destroy
temporal correlation but preserve the data’s probability den-
sity function. The simplest way to do this is by randomly
shuffling either without [4] or with [6] replacement. The
choice of suitable test statistic is also important [7]. In our
past experience we have advocated correlation dimension
[7] or other dynamic invariants [5]. However, for such ex-
tremely short time series this is inappropriate. We attempted
to use nonlinear complexity as a measure, but found that this
index exhibited extremely low sensitivity. We instead settle
on the normalised covariance between xt and xt+1

〈xt xt+1〉〈
x2

t

〉 .

One further advantage of this simple measure is that it is

†By i.i.d. we mean a sequence of random numbers that are un-
correlated and all drawn from the same probability distribution.
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Fig. 3 Surrogate calculations. The normalised covariance of xt and xt+1,
is plotted for the two time series in Fig. 2, along with 1000 shuffled surro-
gates. The probability distributions are the estimated probability distribu-
tions for the test statistic if the hypothesis were true. The corresponding
statistic value for the data is shown as a solid light vertical line. In both
cases the hypothesis that the data in Fig. 2 is independent and identically
distributed noise is soundly rejected (p > 0.95).

sensitive to linear dependence: exactly the property we wish
to detect. Unfortunately, this also means that testing more
complex linear surrogate hypotheses will not be possible.
Hence, as suggested by Takens [8] we prefer to test the
model residuals against the i.i.d. hypothesis.

In Fig. 3 we present the results of the surrogate calcu-
lation. Be applying the surrogate generating algorithm, we
generate a large number of data sets consistent with the un-
derlying hypothesis (in this case i.i.d. noise). From each of
these data sets we estimate the value of a test statistic and we
therefore obtain a distribution of statistic values. This dis-
tribution of statistic values corresponds to what we would
expect from the data is the hypothesis (i.i.d.) were true. To
test this we compute the same statistic value for the data and
compare this to the distribution of surrogate values.

The results of Fig. 3 clearly indicate that the data of
Fig. 2 is not consistent with an i.i.d. noise source. Therefore
the original data (Fig. 1) may not be modelled as a simple
random walk.

It would be logical to continue this analysis with more
sophisticated surrogate algorithms [4], [9]. However, for
this short time series, results of more sophisticated algo-
rithms are not conclusive. Furthermore, as we have already
noted, it would not be possible to apply the covariance as

a discriminating statistic in these cases, as the surrogate al-
gorithms explicitly preserve autocorrelation. Instead, in the
following section we consider a simple deterministic model
of disease propagation.

3. SIR Models

The standard Susceptible-Infected-Removed (SIR) model of
disease propagation has a long history and is considered in
detail in any standard text on mathematical biology [10]. For
populations S (t), I(t), and R(t) we have

d
dt


S (t)
I(t)
R(t)

 =


S (t)(1 − rI(t))
(rS (t) + (1 − a))I(t)

R(t) + aI(t)

 . (1)

In difference equation form, the relationship between the
three populations at time t may be expressed as


S t+1

It+1

Rt+1

 =


S t(1 − rIt)
(rS t + (1 − a))It

Rt + aIt

 . (2)

where S t, It, Rt are the number (or proportion) of individual
that are susceptible to infection, infected and “removed” re-
spectively. Note that, by removed, we mean individuals that
have been infected but are no longer infectious or suscepti-
ble. Such individuals may be cured (and immune), isolated,
or dead. The parameters r and a are the infection rate and
the removal rate respectively.

Using the SIR data we obtain a maximum likelihood
estimate (i.e. least mean squares†) of the parameters a and
r for the time series of reported SARS cases in Hong Kong.
The time series in Fig. 1 is the number of new cases reported
each day. This corresponds to the term rS tIt in Eq. (2). The
numerical fitting procedure often estimates (incorrectly) a
monotonically increasing of decreasing function. To pre-
vent these solutions, we add leading and trailing zeros to the
data prior to fitting. This helps to ensure that the optimal
model exhibits a single extremum—not at either endpoint.
An alternative to fitting rS tIt to the observed data would be
to also consider the daily fatality and recovery data for Hong
Kong as an approximation for ∆Rt. One could then fit ∆It

and ∆Rt directly from the observed data.
In Fig. 4(a) we see the time course of the best model

(Eq. (2)) fitted from this data. The model was initiated with
a single infectious individual and the parameter values a and
r are those obtained from a maximum liklihood estimate
based on the data. Clearly, this deterministic model does
not capture the random variation observed in the data.

One way of considering this random variation is that
the SIR model provides an estimate of the rate of infection
(i.e. It+1 = (rS t + (1 − a))It), but that this estimate is subject
to random fluctuations. It may be better therefore to perturb
the number of new infections by some unknown quantity εt.

†Essentially, we minimise the sum of the squares of the model
error. For a linear model this is straightforward. Details of the
numerical procedure can be found in [11].
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Fig. 4 SIR models of SARS. The top plot shows the time series of SARS
cases in Hong Kong and the best fit SIR model. The lower shows five
simulations from this model with multiplicative noise (described in the text)
on the daily number of new cases.

The modified, stochastic SIR equations then read


S t+1

It+1

Rt+1

 =


S t(1 − rIt) − εt
(rS t + (1 − a))It + εt

Rt + aIt

 . (3)

A similar random term could be added to the rate of removal,
however we do not consider this problem here. Moreover,
arbitrarily complex noise inputs could be devised that would
eventually reproduce features of the observed data. While
out choice of noise term is certainly not unique and may not
be well motivated from a biological stand-point it is equiv-
alent (for some distribution of noise) to more complicated
scheme where either the parameter or the data values are
perturbed. We repeated these calculations with various al-
ternative noise systems and obtained consistent results. Our
concern is only whether these features can be observed from
the SIR model, or immediate generalisations of this model.

We found that simulations with εt ∼ N(0, σ2) for a con-
stant σ2 did not produce realistic simulations. The problem
is that the magnitude of the random fluctuation should be
proportional to the number of infected individuals. Few in-
fected individuals are unlikely to have a great variation in
effect, but many such individuals will. In Fig. 4(b) we show
five simulations with the noise term εt ∼ N(0, (Itσ)2). To en-
sure that the model is physically realistic (i.e. non-negative
populations) we also restrict εt > −(rS t + (1 − a))It. We
found tha σ ≈ 0.25 gave quantitatively reasonable results
and this is the value employed in Fig. 4.

To quantitatively evaluate the effectiveness of the SIR
type models (Eq. (3)) we apply a variant on the method of
surrogate data [7]. However, instead of generating con-
strained realisations consistent with the null hypothesis†,
we generate multiple realisations of the model and compare
these realisations to the data [8]. For the model described
by Eq. (3) we generate 1000 simulations and for each simu-
lation compute 〈xt xt+1〉 and 〈ztzt+1〉 where zt = log xt

xt+1
. That

is, we use two distinct test statistics. Results for both statis-

Fig. 5 Surrogate calculations for stochastic SIR data. The normalised
covariance of xt and xt+1, is plotted for the data along with 1000 inde-
pendent model simulations (this is a similar calculation to that depicted in
Fig. 3(b)). The probability distributions are the estimated probability distri-
butions for the test statistic if the hypothesis were true. The corresponding
statistic value for the data is shown as a solid light vertical line. The statis-
tics in panel (a) and (b) differ. In panel (a) the normalised covariance of the
data is estimated, in panel (b) the normalised covariance of the log-ratio of
the data is computed. In both cases the hypothesis that the SIR model is a
good model is soundly rejected (p > 0.95).

tics are plotted in Fig. 5 show a clear distinction between
data and surrogates. Since this model is the optimal fit to
the data and the distribution of covariance estimates do not
vary greatly with change in model parameters††, we there-
fore conclude that models of the form Eq. (3) are not ade-
quate to describe the underlying dynamics.

One widely accepted reason for the failure of the SIR
models is that the parameters a and r do not remain con-
stant during the time course of an epidemic. Particularly
when a disease is previously unknown and public health
practice changes significantly in response to the spread of
the disease. This is certainly consistent with the situation for
SARS in Hong Kong. We therefore modify the SIR model
of Eq. (2) by estimating the temporal dependence of a and r.
We apply a sliding window of width 10 days and re-estimate
a and r for every day. Figure 6 depicts the results of this

†See [12] for a description of this rather exclusive nomencla-
ture. Informally this means we do not force the surrogates to pre-
serve specific properties of the data. This means that we are unable
to reject all SIR models with this test, only the SIR models that are
fit to this data.
††That is, the statistic is approximately pivotal [7].
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Fig. 6 Variable parameters (a, r). The top plot shows the best fit esti-
mates of the parameters a and r where the parameters are fitted to a win-
dow of 10 successive data. The lower plot shows a deterministic prediction
using these variable values.

computation. The values at and rt are based on the best fit
estimate of Eq. (2) to the data (xt, xt+1, xt+2, . . . , xt+10).

While the simulations in Fig. 6(b) does have the cor-
rect shape, if not the correct magnitude, the values of a and
r depicted in Fig. 6(a) illustrate the problem with this ap-
proach. The parameter values are sensitively dependent on
the observed data and do not reflect reality. In a separate
publication we modify this approach by considering longer
windows and have shown the utility of the ratio r/a for es-
timating the effectiveness of various governmental control
strategies. A combination of the random fluctuations ap-
proach of Eq. (3) and the variability in a and r may pro-
duce more realistic simulations. However, we feel that this
would represent a significant over-parameterisation of this
modelling problem.

For the current investigation we conclude that a general
SIR model is unable to capture the underlying dynamics of
the system. From a biological standpoint, a more realistic
model would be the SEIR structure [10]. The major dis-
tinction being that SEIR explicitly includes an incubation
period. But this incubation period is still not sufficient to
capture the observed dynamics. We have repeated this anal-
ysis with the SEIR model and obtained similar results. The
major emphasis of this current study is to keep the mod-
elling schemes as simple as possible. More exotic SIR in-
spired models, or more contrived noise inputs, may be able
to reproduce the observed behaviour. Indeed, we expect this
should be the case when the system becomes sufficiently
complex. But this is beyond the focus of the current commu-
nication and is in general a less interesting problem. In the
following section we consider a computationally more ex-
tensive model that is inspired by the physical situation and
provides a more realistic alternative.

4. Small World Networks

The final model structure we examine is computationally

Fig. 7 Short range and long range network links in the small-world net-
work model. The black (infected) node may infect its four immediate
neighbors with probability p1 and three other nodes (hashed) with prob-
ability p2.

more complex, but also more realistic. In contrast to po-
tentially exotic modified SIR models, the model we intro-
duce here is inspired by our understanding of the physical
situation. Small world networks (SWN) [13] have recently
become immensely popular and received significant atten-
tion in a wide variety of fields [14]. One system which has
provided evidence of small world structure is the network
of social interaction between individuals (the so-called “six
degrees of separation”). It is therefore natural to consider
propagation of disease epidemics between nodes of a SWN.

With a SWN structure we only allow infection to occur
along links between certain nodes. Each node is linked to
a small number of other nodes which represent those indi-
viduals that a given node will come into contact with. Ac-
cording to the six degrees of separation concept one expects
that the number of links which must be traversed to pass
between any two individuals is relatively smally. The ra-
tionale of applying† the same structure to disease transmis-
sion is two-fold. First, since disease transmission occurs on
top of the existing social network (which is believed to be
a small world network), the transmission of diseases should
also follow a small world network. Second, this is clearly
the case for a disease such as SARS that frequently passed
between individuals that are geographically disparate. From
a physical viewpoint we introduce short range (neighbour-
hood) links to model transmission within a family and be-
tween neighbours and add and number of random long dis-
tance links (the number of such links follows an exponential
distribution) to model transmission between geographically
separate “acquaintances.” Figure 7 illustrates the two possi-
ble transmission paths.

In the following SWN we suppose that each node is ei-
ther susceptible to disease (S), infected (I) or removed (R).
However, unlike the standard SIR structure, nodes of the
SWN can only infect those that they are acquainted with.
We arrange the nodes in a rectangular grid (for Hong Kong,
we use a square with side length 2700). On a given day,
each node can infect n1 of its four immediate neighbours

†In the case of social contacts between individuals in North
America, most individuals are supposedly linked by no more than
six such chains.
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Fig. 8 Variable parameters (p1, p2). The top plot is the time series of
reported SARS cases in Hong Kong together with five simulations of small
world network model with the variables p1 and p2 changing with time (pre-
sumably in response to changing public health practice). The bottom plot
shows the variation in the parameters p1 and p2 used in the top plot. These
values were selected using an ad hoc process.

(horizontally and vertically) with constant probability p1.
Each node also has a random number of long range acquain-
tances. The number of long range acquaintances follows an
exponential distribution with an expected value of n2 and the
acquaintances are chosen at random but fixed for each node.
On each day, each of the long range acquaintances may be
infected with some constant probability p2. Finally, on each
day, every infected node has proba- bility r1 of becoming re-
moved. As with the SIR model, the only possible transitions
are S → I → R.

For our first simulations we simplify this structure by
setting r1 = 0. The model is initialised with a single infec-
tious individual. Short range horizontal and vertical links
exist between all adjacent nodes, and long range links are
selected at random for each infected node only once it be-
comes infected†. To avoid eventual complete contamination
we vary (i.e. decrease) p1 and p2 with time according to the
scheme in Fig. 8(b). The values depicted in Fig. 8 are se-
lected only because they yield a model which has a realistic
behaviour. Figure 8(a) compares five random realisations of
∆S t to the observed data. We see that the quantitative fea-
tures are reproduced nicely.

In Fig. 9(a) we repeat the surrogate calculations of the
previous sections for 1000 realisations of the process de-
picted in Fig. 8. An examination of the variation in the
estimated covariance shows that the data and model simu-
lations are in very close agreement. We are therefore un-
able to reject the model behaviour as a plausible model of
propagation of SARS-CoV. This good agreement is due to a
combination of long range correlation present in the model
data and the same “burstiness” that is also observed in the
true data. In Fig. 8 we see that both model and simulations
exhibit similar large spikes when one (or several) so-called
“super-spreaders” are encountered at random. As would be
expected a single super-spreader is linked to a large num-

Fig. 9 Surrogate calculations. The top plot shows 1000 simulations of
the small world network with variable p1 and p2 (and r1 = 0), the bottom
plot shows estimates for 1000 simulations from the scale-free small world
network with constant parameters (p1 = 0.05, p2 = 0.005 and r = 0.10).

ber of other nodes and causes many of those other nodes to
become infected simultaneously, with subsequent possible
secondary infections this will lead to a sudden spike in the
simulation.

However, this model is not entirely satisfactory. The
disease epidemic is controlled artificial by suitable selection
of p1,2(t). Furthermore, no nodes ever become “removed.”
To remedy this we set p1(t) = p1 = 0.05, p2(t) = p2 =

0.005, and r1 = 0.1. These values are selected after a pro-
cess of trial and error, but do roughly correspond to the ex-
perience of SARS in Hong Kong. The probability p1 is the
daily probability of infected close family members or neigh-
bours, p2 is the daily probability of infecting more casual
acquaintances. Finally, we allow for an exponential distribu-
tion of the number of neighbours with an expected value of
6. Hence the system is not truly a scale free network††, how-
ever, the existence of “super-spreaders” is explicitly mod-
elled by this random variable.

The time series produced by this simulation are simi-
lar to those of the restricted SWN in Fig. 8. The major dif-
ferences are the inclusion of the removed category and that
the infection probabilities do not change with time. A con-

†This results in a very significant saving of computational re-
sources.
††By “scale-free” we mean simply that the number of links a

random node has follows a power-law distribution.
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stant value for p1,2 may not be entirely realistic, but it is a
statistical necessity to avoid over-fitting in such a complex
stochastic model. A consequence of these constant values
of p1,2 is that often the disease will “die-out” immediately,
or, it will run out of control and infect the entire commu-
nity. In simulations, both situations are common, but so to
is the eventual control of the epidemic: without changing
the infection control policy! Hence, estimation of “correct”
model parameters is rather problematic. One will observe a
wide variety of behaviours on independent simulations with
the same parameter values and, conversely, the same or sim-
ilar dynamics can results from different parameter values)
see for example [15].

We do not show typical trajectories of this final model
because they are similar to those shown in Fig. 8, only with
a slightly larger variability. In Fig. 9 we generate 1000 simu-
lations of length greater than 90 (i.e. simulations that imme-
diately die out are rejected) but no longer than 120 (longer
simulations were truncated) of this SWN system (n1 = 4,
E(n2) = 10, p1 = 0.25, p2 = 0.001, and r1 = 0.45)† and
compare the covariance of ∆S t to the true data. In each
case we are unable to reject the underlying SWN model. A
slight increase in variability (when compared to the previ-
ous model with artificially variable p1,2) is observed in this
second structure and we believe that this is due to the lower
level of “control” on the parameter values and the inclusion
of both simulations that die out, and those that run out of
control in the analysis.

5. Conclusion

The time series of daily reported SARS cases for Hong Kong
have been considered. We find that the data is not consis-
tent with a random walk or a noisy version of the standard
SIR model. However, two SWN structures do exhibit dy-
namics indistinguishable from the true data. To accurately
simulate the spread of disease in society, including features
observed during the SARS epidemic (such as rapid, exten-
sive and localised outbreaks), one needs to consider com-
plex SWN type structures. The power of the SIR model lies
in its ability to model large scale spread of a contagion, the
SWN structure described here is much better at simulating
the localised variability. This localised variability, inherent
to the model simulations may allow administrators and fore-
casters to estimate possible variation in their predictions of
disease dynamics (i.e. to provide error bars on their projec-
tions and evaluate the likelihood of various scenarios).

While the focus of this paper was the SIR model struc-
ture, a logical extension of this is the SEIR model of dis-
ease dynamics. The SEIR model incorporates an incuba-
tion period and may therefore be more physiologically re-
alistic for the SAR-CoV. However, we found no significant
difference in the dynamics using either the SIR or SEIR type
model. Similarly, both the standard deterministic model and
the SWN can be modified to incorporate the incubation pe-
riod (SEIR type dynamics), but this additional structure does
not change the observed behaviour in either case.

Moreover, additional parameterisation is best avoided
for such limited data. We deliberately chose simple model
structures with relatively few parameters. Parameter fitting
in the modelling procedure is a critical problem. When we
are comparing two model structures it is necessary to be
careful that one does not spend unequal effort to fit the pa-
rameters in either case. In fact, for the results we report here
we spent more effort fitting the model parameters of the SIR
model, yet the SWN model still performed better.

One reason that we were unable to spend equal effort
fitting the parameters of the SWN model is that because one
has a stochastic model, the simulations produced from the
model may vary widely, and, in general, will not be identi-
cal to the data. Despite this the model simulations exhibits
the same qualitative features as the data. Efforts to quan-
tify this similarity with surrogate data have shown that the
model simulations of the SWN approach are much more like
the true data than simple SIR models (either with of without
stochastic perturbations). However, one can not be certain of
the parameter values of the SWN model. The same param-
eter values yield widely varying simulations and the same
(or similar) simulations can be obtained with widely vary-
ing parameter values.

Our results are based on the raw (i.e. original) daily
data. The primary reason for this is that this is all the data
that was available at the time of the outbreak, and therefore
represents all the information available in real time. The
revised data uses additional information that was not imme-
diately available, and may also be the result of certain (un-
known to us) implicit assumptions which could potentially
bias the results of our study. We have, however, repeated
our analysis with the revised data and found no significant
difference in the results.

An alternative approach, which we have not considered
here, would be to study the data by first removing all sta-
tistical outliers and modelling what remains. Undoubtedly,
results for the standard SIR models would be improved in
this case. The problem is that the outliers are a direct result
of the events of most interest: namely super-spreader events
and localised out-breaks. We therefore choose to keep the
outliers in the data and pursue the model which best captures
these features. We find that the SWN model is sufficient to
do this.

Techniques such as those described here are certain to
be useful when planning and implementing control strate-
gies. In a related publication, we provide a more detailed
analysis of the potential scale-free structure of various SWN
models††. Furthermore, in this paper we propose the vari-
able parameter SWN model is actually inspired by govern-

†Simulations were repeated with a variety of other values and
a wide variety of dynamics behaviour. Most notably the parameter
values n1 = 4, E(n2) = 6, p1 = 0.05, p2 = 0.005, and r1 = 0.1
produced surrogate results similar to those in Fig. 9. These two sets
of parameter values where selected as they reflected the authors’
understandings of the physical environment.
††Due to appear in International Journal of Bifurcation and

Chaos. Further details can be obtained from the first author.
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mental public health practice. In this current we our primary
goal is to show that SWN models are able to capture the un-
derlying dynamics of the SARS epidemic better than either
simple stochastic or SIR models.
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