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Development of order parameters and quantitative indicators
for predictability in complex multi-scale epidemiological
dynamical systems
The object of deliverable D2.5 is to illustrate the work carried out by WP2 in the scope of Theme III
(Dynamics on heterogeneous networks: theoretical foundations and high performance agent based
simulation), Task 8: Complexity and predictability in computational epidemiology.
A meaningful large-scale computational approach to epidemic modeling requires a thorough
understanding of the predictive power of complex epidemiological models. This implies a basic
understanding of the predictive time scale as a function of information available on the system and its
initial conditions. Whereas the analysis of chaotic properties in basic epidemic models has a long
tradition, computational epidemiology faces issues related to the large scale of the extended
dynamical systems and its complex properties for the first time.
The issue of the limits of predictability of large-scale data driven models is still largely unexplored.
We have addressed this issue during the project by looking at various aspects of predictability:
-

-

The first aspect concerns the inherent stochastic dynamics of the epidemic spreading and the
diffusion process. We question thus the predictability of the epidemic unfolding as noise
driven or system driven (transportation data, disease parameters etc.).
The second aspect of predictability is linked to the amount of data integration needed to
obtain a reliable and predictive description of the epidemic unfolding. In this area we consider
the multiscale problem and the data completeness issue.

Although the language referring to order parameter is appealing to a theoretical community it does
not always represent the appropriate choice in the context of such a highly interdisciplinary project.
For this reason we will refer in the following to a few metrics and parameters (such as the incidence
or distributed incidence) with the epidemiological name. These quantities generally can be
considered the order parameter of the process as they characterize the macroscopic and collective
behavior of the epidemic system.

Stochastic dynamics and predictability
While the ability to forecast the spread of an infectious disease is inevitably entangled with the
accuracy and the level of realism introduced in the modeling approach, the impact of the parameters
and model features on the reliability of the predicted scenarios is difficult to assess. In order to shed
light on this issue, one way to proceed is a systematic analysis of the effect of the disease parameters
on the statistical similarity of the epidemic behavior evolution obtained with the same initial
conditions and different noise realizations. This amounts to the assessment of the robustness of the
obtained predictions with respect to the inherent randomness of the epidemic evolution.
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We used the WP4 Epidemic Computational Platform (based on the full GLEAM model extensively
described in the deliverables D4.2, D4.4) to generate stochastic simulations of epidemic spread
worldwide, yielding (among other measures) the incidence and seeding events at a daily resolution
for 3,362 subpopulations in 220 countries. The airline network structure explicitly incorporated into
the model is composed by more than 18000 different connections. Such a large number of
connections produce a huge amount of possible different paths available for the infection to spread
throughout the world. This in principle could easily result in a set of simulated epidemic outbreaks
that are very different one from the other – though starting from the same initial conditions – thus
leading to a poor predictive power for the computational model. By contrast, while the airline
network topology tends to lower the predictability of the disease evolution, the heterogeneity of the
passenger volume on the various connections defines specific diffusion channels on the high traffic
routes.
In order to measure quantitatively the stochastic variability in the computational model of a specific
disease we consider an overlap function Θ(t ) , which describes the similarity of two different
outbreak realizations starting from the same initial conditions. The overlap function measures the
similarity of two different realizations of the epidemic outbreak by comparing the evolution in time
of the number of active individuals Aj(t) in each urban area j, defined as those individuals carrying
the infection. Here, active individuals indicate the sum of all individuals which are potential carriers
of the disease such as exposed or infectious individuals. Each outbreak, starting from the same initial

conditions, is characterized by a vector π (t ) whose j-th component represents the probability that an
active individual is in city j at time t, π j (t ) = A j (t )

∑ A . We can then compute the statistical
l

l



similarity between two different realizations characterized by the vectors π I (t ) and π II (t ) ,
 
respectively, by considering the Hellinger affinity defined as sim(π I , π II ) = ∑ j π Ij π IIj . This


normalized measure is invariant under a rescaling of the vectors π I (t ) and π II (t ) by a constant

factor. Therefore, we introduce also the similarity between the worldwide epidemic prevalence
 

obtained in the two realizations: sim(a I , a II ) , where a I ( II ) = (a I ( II ) ,1 − a I ( II ) ) and a (t ) = ∑ j A j ℵ ,
with ℵ = ∑ j N j being the world population. The overlap function Θ(t ) is thus defined as:




Θ(t ) = sim(a I (t ), a II (t ) )⋅ sim(π I (t ), π II (t ) ) .
The overlap Θ(t ) assumes values between 0 and 1, being equal to 0 if at time t the two epidemic
patterns do not share any common infected city, and equal to 1 if at time t the two realizations are
identical. The more an outbreak is predictable, the more likely the two realizations will be similar,
leading to a high value of the overlap function. In view of the strong fluctuations inherent to the
infection process and the movement of individuals, the presence of an appreciable overlap can be
possible only in the presence of a robust mechanism driving the disease propagation and leading to
the emergence of epidemic pathways, i.e. preferential channels along which the epidemic will more
likely spread. It is possible to observe that contrary to intuition the overlap function is pretty
consistently high (see Fig.1). We show that it decreases with the transmissibility of the disease β as
the less the number of carrier present in the system and the higher is the effect of the stochastic
fluctuations.
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Fig.1: Behavior of the overlap function in the case of epidemic starting with the same initial conditions and with
different transmissibility rate b.

What we observe is that the simulated disease seems indeed to follow a very similar evolution at each
realization of the process. The origin of such reproducibility lies in the emergence of epidemic
pathways, i.e. preferential channels along which the epidemic will more likely spread. These
pathways on their turn may find their origin in the large heterogeneities encountered in the traffic
volume – ranging from a few passengers to 106 passengers per year – associated with the air travel
connections.

Data Integration and Predictability
Human mobility can be generally described by defining a network of interacting communities where
the connections and the corresponding intensity represent the flow of people among them. Global
mobility networks are made of long-range intercontinental air traffic networks, as well as massive
short range commuting flows spanning several orders of magnitude in intensity and spatiotemporal
scales. Transportation infrastructures and mobility patterns thus form very complex multi-scale
networks which in general elude simple modeling approaches. A multitude of heuristic models for
population structure and mobility patterns have been proposed but they all depend on the specific
mobility process under consideration. The limited understanding of the inter-relations among the
multiple scales entailed in human mobility and their impact on the definition of epidemic patterns
constitute a major road block in the development of predictive large-scale data driven epidemic
models. In this context two questions stand out: i) is there a most relevant mobility scale in the
definition of the global epidemic pattern? ii) at which level of resolution of the epidemic behavior a
given mobility scale starts to be relevant and to which extent?
The GLobal Epidemic and Mobility modeler (GLEaM) enables us to fully consider the effect of
multiscale mobility processes in the disease dynamics. The model is then used to simulate a
pandemic like event with tunable reproductive ratios. The results obtained from the full multi-scale

2013 © Copyright lies with the respective authors and their institutions

EPIWORK D2.5 7
mobility network are compared to the simulations in which only the large scale coupling of the
airline transportation network is included. More precisely, in order to study the effect that multi-scale
networks have on the overall spread of an emerging disease we consider the simulation of an ILI
epidemic starting in Hanoi and compare the results with a simulation in which we include only longrange airline traffic.
The global computational platform developed in the project is fully stochastic and takes into account
the discrete nature of individuals both in the travel coupling and in the compartmental transitions.
The transmission model within each urban area follows a compartmentalization specific to the
disease under study. Here we use the classic ILI compartmentalization in which each individual is
classified by one of the discrete states such as susceptible (S), latent (L), infectious (I) and
permanently recovered (R). Infectious persons are further subdivided into asymptomatic,
symptomatic traveling and symptomatic non-traveling. The discrete nature of individuals is
implemented by introducing binomial and multinomial processes inside each urban area for the
stochastic evolution of the infection.
Fig.2 shows the global and regional impact of a pandemic influenza with R0=1.9 starting in Hanoi on
April 1 and compare the epidemic profiles with and without commuting flows. The results show that
the overall timing and size of the epidemic is weakly affected by also considering the commuting
network in GLEAM. Both the probability of having a global outbreak and the overall profiles are
very similar in the two cases, with the global epidemic size at the end of the first year almost
unaffected by the inclusion of commuting. We have also performed a sensitivity analysis by testing
the outset variation of the intensity of the commuting flows and varying the return time rate of more
than one order of magnitude, showing that the profiles do not exhibit significant variations, the
results being very robust against strong fluctuations in the commuting mobility process.

Fig.2: Epidemic profiles comparing simulations obtained disentangling the multiscale nature of the mobility patterns used
in the computational platform GLEAM.
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The effect of commuting flows is, however, noticeable during the tail of the epidemic event. As
presented in Fig.2 many regions of the world show a broader tail in the absence of commuting,
showing that the commuting coupling enhances the synchronization of the local epidemic profiles.
The observed broadening of an epidemic profile that includes multiple subpopulations is due to the
different timing of the outbreak that reaches the various subpopulations. The effect is more
pronounced in the lack of short-range coupling, as highlighted in the example reported in Fig.3 of an
air transportation hub loosely connected by air travel flow to the surrounding subpopulations. As
expected, no significant change is observed in the hub profile, whereas the time delay in neighboring
locations with limited airline connections is dramatically reduced by the coupling due to local
commuting flows. After infecting the hub, the epidemic radiates out to the neighboring geographical
census areas in a pattern reminiscent of the physical process of diffusion. This effect naturally leads
to a much stronger correlation and synchrony in the evolution of the pandemic at the local level.

Fig.3: Comparison of GLEaM predictions at the local level obtained with and without commuting. A)-B)-C)
Prevalence profiles of 3 continental US regions. The effect of commuting is visible in the faster decay (as
highlighted by the shaded areas) and absence of multiple peaks. D)-E) Prevalence profiles for Boston area
and the surrounding cities with no commuting (D) and with commuting (E). A schematic network
representation of the short-range connections is shown for guidance. The synchronization among the
prevalence profiles is considerably increased when commuting is considered, with a reduction of over one
month in the time interval between peaks in neighboring cities.

These results clearly show that the level of detail on the mobility networks can be chosen according
to the scale of interest. Neglecting local coupling for instance does not produce a dramatic effect if
one is mainly interested in the global overall pattern at the granularity level of a large geographical
area or country. On the other hand, more refined strategies that require access to finer granularity can
be implemented by the progressive addition of details without radically altering the perspective
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achieved at the larger scales. This is extremely important in the balance between computational time
and flexibility of models, and becomes very relevant when computational approaches are used in real
time to aid the decision process for a public health emergency, since new data may need to be
incorporated in real time.
As a further analysis we have assessed issues concerning the complexity and predictability of
epidemic spreading patterns resulting from multi-scale computational models by taking advantage of
the data collected during the early phases of the 2009 H1N1 pandemic. The GLEAM model provided
an estimate of the seasonal transmission potential during the early phase of the 2009 H1N1 pandemic
and generated ensemble forecasts for the activity peaks in the northern hemisphere in the fall/winter
wave. These real-time predictions of the peak timing were found to be in good agreement with the
empirical data (Tizzoni et al. BMC Medicine 2012, 10:165). In our large-scale computational model,
the integration and assimilation of data on census, mobility, and other demographic factors has to
deal with issues related to the quality and completeness of the data. We wanted to assess how
important is the possible incompleteness or poor quality of those ‘structural’ data. We tested this
aspect by assessing whether the full complexity of the real mobility data considered in the Epidemic
Computational Platform would be essential to obtain the stochastic forecast output (SFO) which best
fits the real data or if a simplified version of the model would allow similar results.
We thus performed the simulations of the 2009 A/H1N1 pandemic on a version of GLEAM that
integrated a partial dataset restricted to the top 500 worldwide transportation hubs, ranked by their
traffic, with no short-range mobility considered. This greatly reduced the geographic extension of the
model, and unfortunately, most of the top 500 airports lie in Europe and North America, with very
few belonging to African countries. Of 220 countries, only 126 were within the reach of the model,
thus corresponding to a 43% drop from the full GLEAM model. We report a breakdown by continent
of the countries that can still be analyzed using only 500 airports (Table 1).
Table 1: GLEAM database and its representativeness at different level of data integration

The simulations considered the reference SFO set both in the mobility-sampled and the original
versions of the GLEAM model, described in detail in the Deliverable D4.5.
The spread of the pandemic on the sampled network in the reduced GLEAM model appeared to be
faster in the northern hemisphere, leading to an earlier activity peak for most of the airports, except
for a few cases, which showed a delay of up to 4 weeks compared with the full database scenario,
because of their reduced connectivity in the sampled network (Figure 4).
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Fig.4: Peak timing: effect of sampling of the mobility network limited to the top 500 airports. Difference in the
median peak weeks in the reference stochastic forecast output (SFO) set, where the full mobility dataset was
considered, and the top 500 scenario, for the 500 busiest airports, as a function of the median peak week in
the reference SFO set. Dots are color-coded according to the corresponding airport's climate zone. In the inset,
we show the box plot indicating the distribution of the differences (in days) between the peak week of the
reference SFO set and the SFO set considering only the top 500 airports. The differences were considerable,
with median differences of about 3 weeks.

The largest airports in Europe and North America, such as Paris in France and Atlanta in the USA,
experienced the largest shift in the activity peak, ranging from 20 to 45 days earlier than the
corresponding timing of the SFO that integrated the full dataset. In the southern hemisphere and the
Tropics, the activity peak was postponed with respect to the reference SFO set. For large airports, the
delay was limited to 2 weeks, as shown in the cases of Santiago in Chile and Buenos Aires in
Argentina; however, for some less connected airports, such as Shenzhen in China and Campinas in
Brazil, the delay in the influenza activity peak was 45 days. Although the top 500 airports gather
about 80% of the worldwide air traffic, the differences in the median peak times are clearly nonnegligible (Figure 4). A specific application to a real-world epidemic is thus able to show how the
global backbone of invasion can be strongly affected by the partial sampling of the mobility network,
owing to the interplay of different parameters, such as the presence of loops, local connectivity,
seasonal effects, and the real and effective (that is, measured on the sampled network) distance of the
location from the seed of the outbreak. In addition, a limited version of the model may not be
applicable to a specific real epidemic, given its partial coverage of the locations and countries in the
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world, as would be the case where the initial seed of the outbreak belongs to a region not included in
the data integrated into the model. Indeed, in the top 500 airports, the sampling of the mobility
network restricts the choice of the seed location to Mexico City, which is the major airport found
close to the original outbreak location. Therefore, the results (Figure 4) are affected by the following
two effects, which occur because of the restriction of the analysis to the top 500 airports: the change
in the mobility network structure and the change in the seed location, as forced by the lack of
resolution in the sampled mobility network. For this reason, we also analyzed the change in peak
time as a function of the initial condition in Mexico City in the case of the full mobility network (not
shown). The results indicated how the reduction of the full mobility dataset has considerable
consequences on the timing of the pandemic in the various locations discounted of the effects
induced by the initial condition resolution. Overall, the peak time shift between the full database
scenario and the sampled database scenario, which both had the seed in Mexico City, ranged from 69
days earlier up to 20 days later.
To examine the effects of further model simplifications, we finally also explored the results of our
simulations after the removal of mobility connections between the European countries, keeping the
structure of the model untouched in the rest of the world. This led to a systematic delay in the peak of
activity in all European countries compared with the full model, because the removal of intraEuropean Union (EU) connections meant that the only possible source of infection could be from
outside the EU. The delay in median values of the peak time ranged from 1 week to 9 weeks and was
strongly correlated with the travel flows of passengers flying into a given country from outside
Europe. Countries with a small extra-EU traffic fraction, such as Norway, Slovakia, Croatia, and
Slovenia, experienced the largest delay. On the other side of the spectrum, some countries, such as
the UK and France (not shown) experienced negligible or no changes, because their primary source
of infection was from North America.

Summary of results
As in many non-linear spatially extended systems, it is not easy to conclude about the limits of
predictability in data driven simulations of epidemic spreading. Certainly a role is played by the
natural history of the disease (the basic parameter describing the model). It is however quite clear that
stochasticity is balanced by the presence of well-defined epidemic pathways and seasonal effects that
make the system predictable in a wide range of parameters. The multi-scale nature of human mobility
appears to play a role that is confined to the appropriate level of coarse graining. This evidence is
extremely encouraging as very detailed models, which are data hungry, are needed for the
corresponding scale of investigation, affecting only marginally results at the larger scale. Finally we
show that data incompleteness may introduce large biases in the quantitative results. While reduced
dataset are certainly fine for conceptual and theoretical studies, quantitative analysis with the
ambition of capture the real world unfolding of epidemics must consider full datasets and avoid
sampling incompleteness.

