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The epidemic modelling platform at work: the HIN1 case

Introduction

The main research effort of the project is aimed at developing the appropriate framework of
tools and knowledge needed for the design and implementation of modeling, computational
and ICT tools to forecast epidemic scenarios with a high level of realism and based on data-
driven computational models.

Key to the development of such an epidemic forecast infrastructure at the European level is a
computational platform that can provide the access to the state-of-the-art modeling
approaches to perform data-driven simulations of epidemic out-breaks. During the first three
years of the project, to the development of a platform for the computational modeling of
infectious disease spread has been designed, implemented and publicly released. The result is
a publicly available software system, called “GLEAMviz” (http://www.gleamviz.org) that
simulates the spread of emerging human-to-human infectious diseases across the world which
is extensively described in the Deliverable 4.4. The approach of GLEAMuviz is based on the
balance of complex and sophisticated data-driven epidemic modeling at the global scale while
maintaining an accessible computational speed and overall flexibility in the description of the
simulation scenario, including the compartmental model, transition rates, intervention
measures, and outbreak conditions by means of a user-friendly GUI. This software is a user-
friendly tool for the simulation of a case study, test and validation of specific assumption on
the spread of a disease, understanding of observed epidemic patterns, study of the
effectiveness and results of different intervention strategies, analysis of risk through model
scenarios, forecast of newly emerging infectious diseases.

As already mentioned in the Deliverable 4.4, the computational platform deployment and
public releasing have been carried on in advance with respect to the planned scheduling
because of the exceptional 2009 pandemic event, an opportunity that made the involved teams
spend additional effort in the development of realistic modelling software. According to the
Annex I, during the fourth year, the data-driven simulations had to be used for case studies
analysis and epidemic forecasts on European and worldwide scale. Alongside the simulations
at the national level, the project was supposed to address larger scale simulations, based on
meta-population approaches — informed by agent based models at local community scale — at
the European scale and at the worldwide level. On this respect, data gathered for the 2009
HIN1 influenza crisis represented an unprecedented opportunity to validate real-time model
predictions and define the main success criteria for different approaches. The data gathered
during the course of the pandemic have been used to compare with the estimates calculated by
the models, representing an unprecedented opportunity to validate and assess the results
obtained by computational and modeling approaches. Thus, during the fourth year, we
assessed results obtained using the GLEAM computational model. With the emergence of the
novel HIN1 virus in 2009, the model offered the opportunity to study the spread of the
pandemic in real time, and thus evaluate specific public-health actions and provide stochastic
forecasts of its future unfolding. The basic model parameters (transmissibility and
seasonality) were obtained with a Monte Carlo Maximum Likelihood (MCML)-based
approach using the chronological data on the pandemic invasion up to 18 June 2009 [2]. The
work was done during the first year of the project. The obtained estimates were used to
generate a large number of nominally identically initialized numerical stochastic simulations
of the global progression of the HIN1 pandemic after 18 June 2009. The simulations provide,
for each point in space and time as given by the resolution of the model, an ensemble of
possible epidemic evolutions. It gives median, mean, and reference ranges for epidemic
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observables, such as newly generated cases, seeding events, time of arrival of the infection,
and number of drugs used. The ensemble forecast and the statistical quantities depend on the
key parameters determined by the MCML calibration of the model. Each calibration thus
defines a different stochastic forecast output (SFO) set that can be validated against real data.
Thus, based on the early data of the HIN1 pandemic up to June 2009, the model allowed the
stochastic forecasting of the activity peak of the fall/winter wave in the northern hemisphere,
along with other quantities of interest. The forecasts were published in September 2009 [2],
well before the peak weeks of epidemic activity in the northern hemisphere. The aim of the
work carried out during the last year of the project and described in the present deliverable
was to validate the model’s predictions by comparing them with real-life data collected from
surveillance and virologic sources in 48 countries in the northern hemisphere during the
course of the pandemic. These data allowed independent validation of the obtained results and
also allowed the accuracy of the model to be tested. Specifically, we considered the validity
of the predicted peak time of the fall wave in the northern hemisphere and the effectiveness of
vaccination. Furthermore, we analyzed results at a finer spatial resolution to ascertain the
validity of the model on scales smaller than country level. Using the surveillance data, the
timing of the pandemic activity peak was found to fall within the prediction interval for 87%
of the countries. In the 13% of the cases falling outside the 95% reference range, the offset
with respect to the confidence interval was, at most, 2 weeks at the country level. Because the
activity peak in each country is defined as an average over regions composed of many
different subpopulations, where data were available we have provided the analysis broken
down into smaller surveillance regions, obtaining very good agreement between the model
results and data. We also integrated into the model all available data on the vaccination
campaigns in 27 countries, and compared the predicted incidence intervals with official
estimates such as those produced by the Center for Disease Control and Prevention in the
USA. In addition, we analyzed the effect of introducing into the model predictions a number
of additional factors that were only known at the end of the pandemic, such as pre-existing
immunity, and found that the epidemic timing results were sufficiently robust to cope with
changes in these parameters.

This study shows that although supercomputing capabilities are required, data-driven MCM
allows real-time forecasting of emerging influenza-like illnesses (ILIs) with an accuracy that
can provide valuable information to inform public-health decision-making. The GLEAM
computational tool also allows the introduction of further details in the population structure,
such as age classes, and it has been aligned with an agent-based model [42], thus providing
avenues for the development of hybrid computational approaches that are able to use different
levels of data integration in different subpopulations, with an appropriate compromise
between computational requirements and resolution scale of the results.

In the following we will report some of the most significant highlights of the work but all the
details of this massive validation effort are reported in the paper:

Tizzoni M, Bajardi P, Poletto C, Ramasco JJ, Balcan D, Gongalves B, Perra N, Colizza V,
and Vespignani A,

Real-time numerical forecast of global epidemic spreading: case study of 2009
A/HIN1pdm

BMC Medicine 2012, 10:165
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Methods

We used the Global Epidemic and Mobility Model 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. Using a Monte Carlo
Maximum Likelihood analysis, the model provided an estimate of the seasonal transmission
potential during the early phase of the HIN1 pandemic and generated ensemble forecasts for
the activity peaks in the northern hemisphere in the fall/winter wave. These results were
validated against the real-life surveillance data collected in 48 countries, and their robustness
assessed by focusing on 1) the peak timing of the pandemic; 2) the level of spatial resolution
allowed by the model; and 3) the effectiveness of the vaccine.

1) Pandemic activity peaks in the northern hemisphere

The influenza activity data collected from 48 countries in the northern hemisphere (some of
which lie across the northern hemisphere and the Tropics region) showed that most of the
countries experienced a single major influenza wave during the fall of 2009. Data from virus
specimens collected worldwide indicated that the wave was mainly due to the 2009 A/HIN1
pandemic strain, which was the predominant strain in the 2009 to 2010 season, accounting for
more than 90% of the sampled specimens [95]. The influenza activity in these countries
peaked during the period October to December, much earlier than the usual timing of seasonal
influenza for countries in the northern hemisphere, which generally ranges between January
and March. The pandemic peaked first in North America between the end of September and
the end of October (in Mexico first, then in the USA, and soon after in Canada), and later in
Europe. The situation in Europe was more heterogeneous, leading to an overall range of
timing for the week of peak activity from late October to late December. The peak timing
from the surveillance data of the various countries was subdivided by world regions and
ordered by timing within each region (Figure 5); with few exceptions, the first peak of
activity was experienced by countries in Western Europe, later followed by Eastern Europe.
Other countries in Asia, the Middle East, and North Africa were also analyzed, showing peak
data in the months of November and December. We found that the peak week correlated
significantly with the total air traffic of each individual country to and from North America,
both in the data and in the model output (Table 4).
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Table 4 Correlation of population variables and epidemic statistics as seen and predicted by the model.
Full dataset

Epidemic statistic Population variable Correlation observed in real data” Correlation predicted by the model®
r P 4 P

Worldwide

Peak week Air traffic to/from North America  -0.30 0042 030 0.044

Peak week Longitude® 027 0.071 042 0003

Peak week Latitude® -0.15 0317 002 0882

Peak week Vaccine uptake -037 0.089 -0.38 0.060

Attack rate reduction, %  Vaccine uptake 0.73 < 000

European countries only

Peak week Intra-EU air traffic 015 0391 -048 0.003
Peak week Air traffic to/from North America  -0.26 0.151 037 0003
Peak week Longitude® 054 < 0001 074 < 0001
Peak week Latitude® -0.32 0.07 -0.23 0178
Peak week Vaccine uptake -0.29 0.204 -0.28 0212
Attack rate reduction, %  Vaccine uptake 069 < 000

“Values of the Pearson's correlation coefficient, r, along with the corresponding P value, were measured between the epidemic statistics and the population
variables of the countries appearing in Figure 5.
"Longitude and latitude are those of the capital city of the country.

Similar correlations were found when we restricted the analysis to European countries, with a
correlation between the peak week and the intra-European air traffic of any individual
country, which was captured both by the data and the model. The peak week was also found
to be positively correlated with a country’s longitude, generally indicating a west to east
pattern, and this correlation seemed to be stronger in Europe (as reported previously [39]),
both in the data and the model output, probably as a result of the large air traffic between
Western Europe and North America. A weak correlation was found between the peak week
and the latitude of individual countries, both at the global level and when restricting the
analysis to European countries.

The empirical data were compared with the results of the numerical simulations performed for
the baseline SFO set (Figure 5).
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Figure 5 Peak timing in the northern hemisphere: simulations and real data. Peak weeks of the epidemic activity in the baseline stochastic
forecast output (SFO) (gray). The reference ranges of the simulated peak week were obtained by analysis of 2,000 stochastic realizations of the
model for three different values of the seasonal rescaling factor, .., of 0.6, 0.65, and 0.7. The peak weeks reported by the surveillance for the
fall/winter wave are shown as color gradients, whose limits correspond to the time interval at which an incidence of greater than 80% of the
maximum incidence was observed. The numbers 1 to 5 indicate the type of data provided by the surveillance of each country, and the
numbered weeks of the year correspond to the calendar used by the US Center for Disease Control and Prevention.
\ J

We checked whether the timing of the simulated epidemic activity showed any differences
between the reference SFO set (in which the observed travel drop during the early stage was
incorporated into the model) and the baseline SFO set (in which that aspect was not
considered because the data were not yet available), for which predictions were reported
previously [1]. We found that 95% of the reference range of the simulated peak week was
obtained from the minimal seasonality rescaling, omin, in the range of 0.6 to 0.7, estimated
from the calibration. The SFO sets therefore seemed to be in very good agreement with the
empirical data, showing that the latter fell within the confidence interval of numerical results
in most of the countries under study.

Only for 13% of the countries did our predictions differ from the observed timing of the
influenza activity, and in these, the early arrival (France, Switzerland, Hungary) or the delay
(Ukraine, Mongolia, Uzbekistan) compared with the simulations was 2 weeks at most,
measured from peak week to the closest end value of the reference range of the numerical
results. We compared the predicted peak week for the baseline SFO set with a oy, = 0.65
against the observed peak week, and found a range of 4 weeks’ difference (gray shaded area
in Figure 6) between the observed and the predicted peak week. There was a significant
correlation between the data and the prediction (Spearman correlation coefficient 0.48, P =
0.0001). The error lay within 4 weeks for 95% of the countries, and within 2 weeks for 50%
of them, and the median error was 0 (Figure 6).
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Figure 6 Statistical association between the predicted and observed activity peaks. Peak week as simulated by the model in the baseline
stochastic forecast output (SFO) set with ., = 0.65 versus the peak week observed by surveillance systems in the countries outlined in Figure 5. The
reference ranges of the simulated peak week were obtained by analysis of 2,000 stochastic realizations of the model. In the inset, we show the box plot
indicating the distribution of the differences between the simulated peak week for the baseline SFO set with &, = 065, and the observed peak week.

We also compared the median predicted peak weeks and the observed peak weeks using the
Wilcoxon signed-rank test, and found no significant difference between the two sets, at the
0.01 level of significance (Z score < 2.33).

It should be noted that the obtained results are highly non-trivial because of the anticipated
peak of the pandemic in the northern hemisphere. The GLEAM model does not alter the
timing of the seasonal forcing that would intuitively generate an activity peak in mid-January.

The anticipated peaks are thus a genuine result originating from the initial condition of the
pandemic, the transmissibility estimate, and the spreading pattern generated by the human
mobility integrated into the model. In this sense, the offset of 1 or 2 weeks observed for a
limited number of countries can still be considered a good result, compared with the several
months for dispersion allowed in principle by the seasonal forcing only.

An offset of 2 or 3 weeks for the forecast may be due not only to the model approximations
and components but also to other factors that were not considered in the GLEAM model
because of lack of data at the time of the predictions or because they would require country-
specific implementation in the model. An example is provided by the case of France, where
the beginning of the exponential increase of the incidence curve in fall 2009 was interrupted
by a sudden drop [96], corresponding to a countrywide school break of 2 weeks (during
weeks 43 and 44), consistent with the results observed from the analysis of the timing of
holidays and from 21 years of French surveillance data of ILI [97]. The fact that the peak
appeared 2 weeks later than predicted by the model may thus be explained by the delaying
effect produced by the school holiday. This and other effects, although they could be
implemented in the model through explicit or effective means, would require the collection of
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country-specific data worldwide for a large spectrum of events. Although we performed
simulations with explicit travel drops and vaccination campaigns at the country level as they
took place in reality, the inclusion of country-specific additional factors, such as school
holidays, were beyond the scope of this study. Calibration of GLEAM based on the
chronological data of the HINI1 invasion up to 18 June 2009 was able to provide accurate
predictions (2 to 4 months in advance) of the timing of the peak activity in countries in the
northern hemisphere (Figure 5, Figure 6). This information provided additional support for
the evaluation of real-time interventions aimed at mitigating the pandemic [68], and was made
available to public-health policymakers to provide guidance for strategic planning. In
addition, the large-scale extent of this approach enabled predictions for countries not usually
considered by other modeling approaches that require large detailed datasets to build synthetic
populations, and described their behavior at the individual level. Other than the USA
[7,13,22,24,98], specific European countries [12,15], or the European continent as a whole
[8], other developed countries do not appear in modeling studies, and underdeveloped
countries have been considered in agent-based models in only a few cases, such as in
pandemic preparedness studies that focused on Thailand with regard to the possible
emergence of a pandemic from the H5SN1 avian flu virus [11,24].

2) Spatial resolution analysis

To test the reliability of the GLEAM model on a smaller geographical scale and in countries
with heterogeneous climatic structures, we validated the baseline SFO for two countries, India
and Canada, for which there are no specific models available and which are characterized by
their large geographical extension. Furthermore, the coupling between the different regions of
those countries is complicated by the presence of different seasonal areas within the same
country (in the case of India) and by a highly structured population with a large extension of
inhabited areas (in the case of Canada). We expected this to have a strong effect on the timing
of the pandemic activity peak [9]. India is roughly halved by the Tropic of Cancer. Based on
information from the Indian surveillance system, we identified three regions in the country:
northern, southern, and central India (see map in Figure 7A).

2013 © Copyright lies with the respective authors and their institutions
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Figure 7 Peak timing in India and Canada: simulations and real data. (A) Peak weeks of the epidemic activity in the baseline stochastic
forecast output (SFO) (gray) for eight Indian cities, ordered by decreasing latitude from top to bottom. Right: map of India, showing the Indian
population distribution and the subdivision in North, South, and Central regions. (B) Peak weeks of the epidemic activity in the baseline SFO
(gray) for seven Canadian provinces, ordered eastward from top to bottom. Right: map of Canada, where the Canadian provinces under study
are highlighted in red. The 95% reference ranges of the simulated peak week were obtained by analysis of 2,000 stochastic realizations of the
medel for three different values of the seasonal rescaling factor, @ = 06, 065, and 0.7. The peak weeks reported by the surveillance are
shown as color gradients, whose limits correspond to the time interval where an incidence of greater than 80% of the maximum incidence was
observed. Both maps were made exdlusively for this manuscript and are not subject to copyright.

Northern India belongs to the northern hemisphere, where the seasonality rescaling function
modulates the reproductive number, whereas southern India is a tropical region, where the
reproductive number is fixed to its reference value R0O. Central India is crossed by the Tropic
of Cancer, and therefore extends into both seasonal regions. Given this subdivision of the
country into large regions, we examined in more detail the situation of eight large Indian
cities for which influenza surveillance data were available. The pandemic wave peaked first in
the cities in central and southern India, between August and October, whereas northern Indian
cities experienced the activity peak later, in November and December (Figure 7A).
Concerning the reference SFO results, the six cities in central and southern India are
characterized by much wider reference ranges than those typically found for cities and
countries in the northern hemisphere. This is due to the lack of seasonal forcing, which
generally reduces stochastic effects and thus provides a smaller reference range for the SFO
datasets. However, the timing reproduced by GLEAM simulations was able to capture the




12 | EPIWORK D4.5
early wave observed in central and southern India, which was then followed by the later peak
of activity experienced in the cities of Jaipur and Delhi, which belong to the northern
hemisphere. The SFO seems to indicate that the real mobility and population data integrated
into the model are sufficient to provide useful information on the timing of the pandemic
within the country, although the error bars for the results covered a duration of 4 to 6 weeks.
At the national level, the aggregation of the pandemic waves experienced in the different
regions at different times resulted in a double peak of the total incidence curve, as reported by
the Indian surveillance system. In our reference SFO set, the incidence curve of India
presented a double peak in more than 90% of the stochastic realizations of the model,
reproducing the same seasonal pattern observed in reality. By contrast, Canada falls
completely within the northern hemisphere, where the seasonal rescaling function modulates
the value of R0, leading to higher transmissibility rates during wintertime. The Canadian case
is of interest because the country has one of the lowest population densities in the world, and
is characterized by a largely heterogeneous geographical distribution, with cities mainly
scattered along the border with the USA, and varying densities from west to east. Despite the
synchronization effect of epidemic waves produced by seasonal rescaling, the heterogeneous
population distribution in a vast area leaves room for an important role of the mobility pattern
in shaping the timing of the arrival of the epidemic and its peak activity in different regions.
We collected the weekly incidence data reported by the surveillance systems of seven
Canadian provinces (Alberta, British Columbia, Manitoba, New Brunswick, Nova Scotia,
Quebec, and Ontario, which account for more than 94% of the Canadian population), and
compared the observed activity peak with the simulated peak in our baseline SFO. The
pandemic activity peaked between the end of October and the end of November (weeks 43 to
47), with the timing over all regions spanning an entire month, and with the presence of
narrow to broad peaks in the incidence profiles, as shown, for instance, by the cases of New
Brunswick and Manitoba, respectively (Figure 7B). The 95% reference ranges of the peak
week in our reference SFO simulations were in good agreement with the surveillance data,
and were able to reproduce a variation in the timing of the peak occurrence across the
country. This is a result of the interplay of the region’s connection to the rest of the world
where the epidemic was unfolding, and the intra-country connections and population
distribution that drove the local epidemic propagation and internal coupling across regions
due to local mobility. As expected, those regions that are better connected to the rest of the
world through international travel flows of passengers experienced the peak earlier, with the
exception of New Brunswick, which synchronized with the early timing of the peak; this may
be explained by the large commuting flows from New Brunswick to the neighboring regions

[3].

3) The effect of vaccination on peak timing

Although generally implemented too late to affect the timing of the pandemic in the northern
hemisphere, the reactive vaccination campaigns implemented by several countries in that
region might have helped to accelerate the decline of the pandemic and reduce its final attack
rate. We considered the data available for 2010 on the start and coverage of the vaccination
campaigns in those countries in which this measure was implemented, in order to calculate
the daily distribution of vaccines and provide a more realistic description of the interventions
adopted worldwide. The final vaccine uptake differed widely between countries in the
northern hemisphere, ranging from 0.6% of the population in the Czech Republic to about
half of the population or more in the northern European countries (Sweden, Finland, Iceland,

2013 © Copyright lies with the respective authors and their institutions



EPIWORK D4.5 13

Norway) and in Canada, thus resulting in a very heterogeneous picture. Notwithstanding the
large uptakes reached in some countries, the effect of the mass vaccination campaigns on the
timing of the epidemic was negligible, as would be anticipated in the case of an earlypeak
scenario [68], because most of the vaccine doses were not deployed before November 2009.
We integrated those data into the reference SFO dataset by generating a reference +
vaccination dataset. We calculated the difference in the median value of the peak week
between the reference + vaccination dataset and the reference SFO dataset for the 500 busiest
transportation hubs worldwide and for a single seasonality value of a amin = 0.65 (Figure 8).
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Figure 8 Peak timing: effect of vaccination campaigns. Difference in the median peak weeks in the reference stochastic forecast output
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500 busiest airports of the world. Dots are color-coded according to the corresponding airport's climatic zone. In the inset, we show the box
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minimal time scale used in the model (1 day) and thus were indistinguishable from stochastic fluctuations.
\ J

For all geographical locations, the difference in peak time between the reference +
vaccination dataset and the reference SFO was no more than 1 day, with no significant
changes in those countries with a larger fraction of immunized individuals. The real data and
the model output provided similar results, as expressed in terms of a negative correlation,
which was not significant, between the peak week and the vaccine uptake (Table 4),
indicating a larger uptake in those countries that experienced an earlier pandemic wave, such
as Canada and the USA.

Conclusions

GLEAM is under continuous development and so far it has been used: to assess the role of
short-range and long-range mobility in epidemic spread [3]; to retrospectively analyze the
SARS outbreak of 2002-2003 in order to investigate the predictive power of the model [47];
to explore global health strategies for controlling an emerging influenza pandemic with
pharmaceutical interventions under logistical constraints [5]; estimate the seasonal
transmission potential of the 2009 HIN1 influenza pandemic during the early phase of the
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outbreak to provide predictions for the activity peaks in the Northern Hemisphere [2]. In this
final period of the project, we examined the application of GLEAM to the 2009 A/HIN1
pandemic in the scope of a broader validation effort. We analyzed, in real time, the pandemic
emergency that led to the publication in summer 2009 of the predicted timing for the
pandemic wave in the countries in the northern hemisphere for the fall/winter period. Using
surveillance data from various monitoring and virologic sources, we have provided a
validation of the SFO of the GLEAM model for the unfolding of the A/HIN1 pandemic in
2009. Our findings indicate very good agreement in the predicted timing for a large variety of
countries, including those with underdeveloped surveillance schemes, and for intra-country
spatial scales. The results are encouraging in advocating the use of large-scale computational
approaches in providing real-time forecast and scenarios of epidemic outbreaks. If the
appropriate MCML calibration is performed, the SFOs are very stable against changes in
epidemiological parameters that are difficult to estimate for an emerging virus, such as the
asymptomatic proportion of the population and its relative infectiousness. Changes in those
parameters are generally absorbed by the rescaling of the key disease parameters in a self-
consistent way. However, the model output shows strong dependence on the accuracy of the
initial conditions and the mobility network considered. This highlights the need for a detailed
level of description of human mobility and population distribution in the world in order to
achieve reliable predictions at a high resolution scale. We also considered additional scenarios
to allow more realistic simulation of the pandemic event worldwide, based on detailed data of
country-based interventions and population initial immunity profiles, which became available
throughout and after the outbreak. Consequently, accurate data should be rapidly available
during the initial phase of the outbreak in order to allow careful calibration of the model, and
close collaboration with public-health officials should allow careful consideration of possible
intervention scenarios to support policy decisions for contingency planning at both country
and global levels.

In the last months of the project, simulations of seasonal influenza in Europe have been
carried out. These will further improve our understanding of the epidemic progression.
Surveillance data collected by the WP5 Internet Monitoring System deployed in the various
European countries are being used to initialize and train the GLEAM model parameters and
data from the European Influenza Surveillance Network run by the ECDC will be used as a
benchmark for the case study. Impacts of multi-scale community structure and effective
geographic boundaries in Europe will be studied and tested in the simulations. This work is
still in a very preliminary stage but looks very promising.
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