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Abstract

Seasonal influenza causes significant annual morbidity and mortality worldwide. In France,
it is estimated that, on average, 2 million individuals consult their GP for influenza-like-illness
(ILI) every year. Traditionally, mathematical models used for epidemic forecasting can either
include parameters capturing the infection process (mechanistic or compartmental models)
or rely on time series analysis approaches that do not make mechanistic assumptions (sta-
tistical or phenomenological models). While the latter make extensive use of past epidemic
data, mechanistic models are usually independently initialized in each season. As a result,
forecasts from such models can contain trajectories that are vastly different from past epi-
demics. We developed a mechanistic model that takes into account epidemic data from
training seasons when producing forecasts. The parameters of the model are estimated via
a first particle filter running on the observed data. A second particle filter is then used to pro-
duce forecasts compatible with epidemic trajectories from the training set. The model was
calibrated and tested on 35 years’ worth of surveillance data from the French Sentinelles
Network, representing the weekly number of patients consulting for ILI over the period
1985—2019. Our results show that the new method improves upon standard mechanistic
approaches. In particular, when retrospectively tested on the available data, our model pro-
vides increased accuracy for short-term forecasts (from one to four weeks into the future)
and peak timing and intensity. Our new approach for epidemic forecasting allows the inte-
gration of key strengths of the statistical approach into the mechanistic modelling framework
and represents an attempt to provide accurate forecasts by making full use of the rich sur-
veillance dataset collected in France since 1985.

Author summary

Seasonal influenza causes significant morbidity and mortality worldwide. In France, on
average, 2 million individuals consult their GP for influenza-like-illness (ILI) every year.
Forecasting the future trajectory of an epidemic in real-time can inform public health
responses. Traditionally, two types of mathematical models are used to forecast infectious
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diseases outbreaks: (1) mechanistic models that explicitly capture transmission mecha-
nisms and (2) statistical models that rely on the similarity between epidemic dynamics
over the years. In contrast to statistical models, mechanistic models usually do not use
information on past seasons to inform forecasts. This may result in poor performance
when forecasted trajectories are very different from past epidemics. Here, we propose a
framework that combines these two approaches by allowing mechanistic models to learn
from trends observed in past epidemics. We evaluate this approach in the context of sea-
sonal influenza in France. Our results show that the new method improves upon standard
mechanistic approaches. In particular, our model provides increased accuracy for predict-
ing the epidemic trajectory one to four weeks into the future, as well as the timing and size
of the peak. Our new approach for epidemic forecasting allows combining statistical and
mechanistic models to improve forecasts performance.

Introduction

Seasonal influenza causes significant annual morbidity and mortality worldwide and induces
important stress on healthcare structures. In France, it is estimated that, every year, 2 million
individuals on average consult their GP for influenza-like-illness (ILI), with mortality attribut-
able to seasonal influenza estimated at 9000 deaths per year on average [1]. Epidemics occur
during winter in France (November-March) as typically observed in countries with temperate
climates. Every year, the epidemic dynamics can vary substantially in terms of intensity and
timing. Forecasts of influenza outbreaks in real-time can inform public health response and
help healthcare authorities to plan communication and vaccination campaigns, better antici-
pate overcrowding in healthcare structures and increase operational capacity to meet upsurges
in demand.

Traditionally, mathematical models used to forecast infectious diseases outbreaks fall into
two broad categories [2,3]. First, mechanistic models fitted to an ongoing epidemic aim to
forecast its trajectory building on a mechanistic understanding of the transmission dynamics
and its determinants (e.g. capturing the depletion of susceptibles, the dependence of transmis-
sion rates to climate variables. . .), either at the population level (compartmental models) [4-7]
or at the individual level (agent-based models) [8,9]. Major developments have been made
over the last decade to improve this approach. In particular, data assimilation, or filtering,
methods used in conjunction with variations of the susceptible-infectious-recovered (SIR)
model, showed good performance [10]. In contrast, phenomenological, also called statistical
models, do not aim to explicitly capture transmission mechanisms. Instead, they rely on the
realization that there is a certain degree of similarity between epidemic dynamics over the
years. By training a statistical model to historical data, they can assess these repetitive patterns
and build on that to propose forecasts. They include (but are not limited to) time-series mod-
els, such as autoregressive integrated moving average (ARIMA) models [11,12], that leverage
the correlation structure of the data, and various types of regression models, such as general-
ized linear regression [13], generalized additive models (GAM) [14,15] or Gaussian process
regression [16], that usually incorporate external predictors. Recent improvements in the sta-
tistical field include models that use different types of kernel conditional density estimation
[3,17], a nonparametric statistical methodology that is a distribution-based variation on near-
est-neighbors regression [18]. Machine-learning approaches are also increasingly used for
infectious diseases forecasting, exploiting information from various external data sources
[15,19-22]. Several multi-model comparisons of seasonal ILI forecasting in the United States
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have shown that, in practice, statistical models performed slightly better than mechanistic
models for short-term forecasts [23-26]. In addition, recent years have seen the development
of ensemble models applied to infectious diseases forecasting [15,26-30]. These models aver-
age forecasts over a range of individual models that can be mechanistic and statistical, and usu-
ally provide better forecast accuracy on average.

To improve the performance of ensemble models, we need to improve that of individual
models they rely on. In contrast to statistical models that make extensive use of past epidemics
during the calibration process, mechanistic models are usually independently initialized for
each season and thus, do not use information on past seasons to inform forecasts. This may
result in poor performance when forecasts contain trajectories that are vastly different from
past epidemics. Here, we propose a framework to integrate information from other epidemic
seasons into forecasts generated with mechanistic models. Our approach belongs to the family
of filtering methods mentioned above, used in conjunction with a transmission model (typi-
cally an SIR model). The reader can refer to the paper by Yang et al [10] for an extensive
description of these methods. Briefly, filtering methods can be used to estimate the state vari-
ables (e.g., number of susceptible persons) and infer the model parameters. They use the obser-
vations to recursively inform the model so that the trajectory of the observed epidemic curve is
better matched by the model. The SIR model with inferred parameters and updated state vari-
ables, can then be propagated into the future to produce forecasts. Yang et al compared differ-
ent filtering methods, three of which are included in this paper: a standard bootstrap particle
filter (PF) and two ensemble filters [10]. As our approach builds on a PF, we present the key
characteristics of the standard PF in the Materials and Methods section, and then describe how
our approach extends the PF to integrate information from a subset of training seasons into
forecasts. In short, when generating projections with a standard PF, the transmission model is
used to update the particle trajectory but no weighting or resampling is done—since no obser-
vations are available for the future. We develop a new approach, referred to as a “modified par-
ticle filter” (mPF), to continue weighting and resampling particles while generating
projections: the weights assigned to the particles are computed using information extracted
from training seasons. The main idea is to give larger weights to trajectories that are closer to
what was observed in training seasons, so that forecasted trajectories are compatible with tra-
jectories observed in training seasons. We evaluate this approach in the context of seasonal
influenza in France and show that it substantially improves performance compared to existing
filters. We also investigate the minimum number of training seasons that are necessary for the
approach to become relevant.

Materials and methods
Data

Data about influenza activity in France from 1985 to 2019 (Fig 1A) were obtained from the
French Sentinelles network (Réseau Sentinelles) [31], which is a volunteer-based information
system of physicians created in France in 1984 and collecting real-time epidemiological data
about different infectious diseases—among which influenza-like illness (ILI). In this surveil-
lance system, ILI is defined as sudden fever above 39°C (102°F) with myalgia and respiratory
signs. In this study, we model the national ILI incidence rate (rate per 10,000 inhabitants).

Transmission model

We used a simple Susceptible-Infectious-Recovered (SIR) model to describe the transmission
process in a closed population over an epidemic season under the assumption of homogeneous
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Fig 1. ILI time-series, weighting schemes and projection targets. A. Time series used for the analyses and representing ILI
incidence rate (per 10,000 inhabitants) from 1985 to 2019. Purple rectangles represent seasons chosen as test set, while the gray
rectangle represents the season excluded from the analyses (season 2009-2010). All other seasons comprise the training set. B.
Unnormalized weights used for the modified particle filter, with v1 shown in brown and v2 shown in green. For the weighting scheme
vl, the weight assigned to particles was 1 if the projected incidence lies within the minimum and maximum observed incidence for the
corresponding calendar week across the training seasons, and followed an exponential decrease when moving away from that
minimum or maximum. For the weighting scheme v2, we used a normal distribution parameterized with the mean and the standard
deviation of the observed incidence for the corresponding calendar week across the training seasons. C. Projection targets used for
model performance evaluation: 1, 2, 3, and 4 week-ahead projections (w1, w2, w3, w4), peak intensity, and peak timing. Black (empty)
dots denote data seen (unseen) at the time the projections are made, respectively.

https://doi.org/10.1371/journal.pcbi.1012523.9001

mixing. The system of differential equations for this model is:

d

d_i = —fsi
di
d—; = Bsi — yi
dr .
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where s(2), i(t), and r(¢) are the proportion of susceptible, infectious, and recovered individuals,
Bis the (constant) transmission rate, and 1/y is the average infectious period (2.6 days [32]).
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The basic reproduction number, i.e. the average number of secondary infections arising
from an infected individual in a fully susceptible population, is Ry = /7.

The hidden state of the system included: 1) the number of susceptible individuals (S); 2) the
number of infectious individuals (I); and 3) the basic reproduction number (R).

At the beginning of each season, the latent variables were initialized as follows:

o The proportion of infectious individuals was drawn uniformly at random between 10-5 and
10-3, while the proportion of immune individuals was drawn uniformly at random between
0.0 and 0.3. The compartments S and I were then initialized accordingly.

o The reproduction number was drawn uniformly at random between 0.1 and 2.0.

Observation model

Similarly to previous studies [10], we assumed a Gaussian observation process, whereby the
observed incidence X, 0n week k conditional on the simulated incidence is given by:

— 2 2
xobs,k N(ILL - xsimk’ o = Gobs,k)

where N(y, ¢%) is a Gaussian distribution with mean p and variance 0%, Xsimk = PZsim is the
simulated incidence on week k, with z;,, x the simulated number of new infections on week k
and p the reporting parameter (proportion of infected people that are captured by the surveil-
lance system), and ¢, is computed as follows:

2 2
O psk = &1+ X

The parameters p, £}, and &, were optimized independently for each Bayesian filter during
the training phase (see Model training and evaluation).

Bayesian filters

We evaluated the performance of four Bayesian filters: 1) the standard bootstrap particle filter
(PF) [33,34]; 2) our modified bootstrap particle filter (mPF); 3) the ensemble Kalman filter
(EnKF) [10]; and 4) the ensemble adjustment Kalman filter (EAKF) [10,35].

Standard particle filter

Particle filters are used in the context of approximate inference for Hidden Markov Models
(HMMs), which are models involving latent (hidden) variables that are observed through
noisy measurements. Given their flexibility, they are used in a wide range of domains (see [33]
for an in-depth introduction to the subject).

Particle filters rely on a cloud of weighted particles, where each particle represents a possible
system state. The probabilistic model is defined via three components:

o An initial (prior) distribution, representing the hidden state of the system at time t = 0.

o A transition function, i.e. the function that describes the system dynamics (transmission
model).

« An observation model, which describes how the noisy measurements relate to the hidden
state.
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In the bootstrap particle filter (PF) case, the particle’s weights are then used to resample the
particles with replacement. The algorithm proceeds as follows [33,34]:

1. Initialization

o Draw an initial set of particles from the initial distribution and assign equal weights to
them: each particle represents a potential initial state of the system.

2. State update
« Propagate each particle forward in time using the transition function.

« Introduce some noise (regularization) to account for uncertainty and prevent degeneracy
(the situation where only a few particles have significant weights).

3. Weight update

o Use the observation model to evaluate the likelihood of the observed data given each parti-
cle’s state. This gives the weight to be assigned to each particle (wy).

4. Resampling

 Resample particles with replacement according to their weights: particles with larger
weights (i.e. representing trajectories that are closer to observations) are more likely to be
selected multiple times, while those with smaller weights may end up being discarded
altogether.

5. Repeat 2-4 for all time steps up to the current time.

After the filtering phase (i.e. after estimating the state of the system up to the current time),
the cloud of particles can be used to make predictions beyond the current time point:

6. Forecasting

« Simulate the future state of the system by propagating the particles forward in time using
the transition function.

« Repeat for the required number of time steps.

« Compute summary statistics from the forecasted particles.

Modified bootstrap particle filter (mPF)

When generating projections with a standard PF, the transmission model is used to update the
particle trajectory but no weighting or resampling is done—since no observations are available
for the future. The idea of the mPF is to continue weighting and resampling particles while
generating projections: the weights assigned to the particles are computed using information
extracted from training seasons.

The algorithm for the modified Particle Filter (mPF) is identical to the standard PF up until
forecasting (step 6), which was replaced by the following step:

6. Forecasting (mPF)

« Simulate the future state of the system by propagating the particles forward in time using
the transition function.
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o Assign weights to each particle based on information extracted from the training seasons.
In particular, the main idea is to give larger (lower) weights to trajectories that are closer to
(far from) what was observed in the training seasons, respectively. See the description of
the weighting schemes below.

» Resample particles with replacement according to the new weights.
« Repeat for the required number of time steps.
» Compute summary statistics from the forecasted particles.

We tested two weighting schemes: v1 and v2 (see also Fig 1B).

The idea behind mPF_v1 was to give the maximum weight to all particles that fall between
the minimum and maximum of incidence observed in training seasons, so that forecasted tra-
jectories were compatible with trajectories observed in training seasons. The (unnormalized)
weights for mPF_v1 are defined as follows:

exp(—a(P, — 7)) ifz <P
w, = 1 otherwise

exp(—a(z, — Q) ifz > Q

where k is the calendar week, wy is the weight assigned to the particle, z; is the projected inci-
dence obtained from the particle, P, and Qy are respectively the minimum and maximum
observed incidence for the training seasons, and « is a free parameter. On the other hand,
mPF_v2 uses a Gaussian prior, giving more weight to particles that are closer to the mean of
observed incidence. The weights for mPF_v2 are defined as:

w, = N(z| p =m0 =as)

where m; and s; are the mean and the standard deviation of the observed incidence for calen-
dar week k, and « is a free parameter.

For both versions of the mPF, the parameter  can be intuitively viewed as determining
how ‘faithful’ to seasons in the training set the projections obtained from the mPF are allowed
to be:

o For mPF_v1, alarge o would result in a weight close to zero for any particle with predicted
incidence not in the interval [Py, Q;]. Conversely, setting o = 0 would not constrain the pro-
jections at all.

o Similarly, for mPF_v2, setting @ = 0 would assign a weight equal to zero to any particle with
predicted incidence different from 1, while choosing a very large & would not constrain the
projections.

Ensemble filters

In contrast to the PF, the EnKF and EAKF assume a Gaussian prior and posterior distribu-
tions: the ensemble of particles are used to represent the mean and standard deviation of these
distributions, and the two methods only differ with respect to how the posterior distribution is
computed at each time step (see [10] and section Implementation for more details about the
methods and their implementation).
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Implementation

When running the filters, we used 10,000 particles for the mPF and for the PF, and 3,000 parti-
cles for the two Kalman filters. According to previous analyses [10], filter performance does
not improve significantly when using more than 3,000 particles.

Following [10,36], we used regularization (i.e. we added a small amount of noise to the
basic reproduction number of each particle) when running the PF and the mPFs. The amount
of noise (or regularization strength, ¢) was optimized during the training phase (Table A in S1
Text and section Model training and evaluation). For the two Kalman filters, we used a multi-
plicative covariance inflation factor (1) to counter filter divergence as described in [4,10,36].
The regularization step was followed by a check that all latent variables (S, I, and R0) were
within valid bounds, with negative values clipped to 0 (S and I) or 0.1 (R0).

Finally, we followed [34] for the implementation of the PF and [10] for the implementation
of the two Kalman filters. All analyses were performed in R [37].

Baseline/Statistical models

We also compared the Bayesian filters to two baseline/statistical models. The first one (“base-
line”) was a simple historical model, in which 2000 trajectories of ILI incidence were sampled
from a truncated normal distribution, whose mean and variance were computed on the train-
ing seasons, for each week of the season. This model does not update based on recently
observed data. The second model was a classical time-series model, the seasonal autoregressive
integrated moving average model (“SARIMA”). The model was fitted to log-transformed data
and forecasts were obtained by sampling 2000 trajectories of ILI incidence over the rest of the
season, using the forecast package in R [38] and codes from [39].

Model training and evaluation

We used data from 1985 to 2019 for a total of 34 influenza seasons: the pandemic season 2009—
2010 was excluded from the analyses. We split this dataset into a training set consisting of 25
seasons—used to independently optimize each of the filters’ parameters—and a test set consist-
ing of 8 seasons—used for performance evaluation on unseen data (Fig 1A). The 8 test seasons
were considered as hypothetical “next” seasons and the predictions were made by only using
data from the 25 training seasons (treated as observed seasons).

We considered each season as starting on week 30 (late July/beginning of August, depend-
ing on the season) of year y and ending on week 29 of year y + 1. Each filtering method was
then run starting on week 40 of year y (beginning of October) and the process was repeated for
a total of 33 weeks (until week 19 or 20 of year y + 1, corresponding to mid-May), each time
using, as observations, the data up to—but not including—that week.

We used a broad grid search to evaluate, for each filter, different combinations of hyper-
parameters and selected the ones that maximized the performance—averaged over all targets
and seasons—on the training set (see Evaluation targets and Evaluation metrics below, and
Table A in S1 Text for the evaluated and optimized values).

For the modified particle filter, the summary statistics needed to define the weights used for
the projections were computed using all the seasons in the training set—and none from the
test set. As our setup provides richer information than available in real-time (the 8 test seasons
are predicted using data from the 25 training seasons), the effect of reducing the number of
seasons available to optimize the filters’ parameters and compute the summary statistics was
explored in a sensitivity analysis. We randomly drew 5 subsamples of n seasons among the 25
training seasons, forn = 3,4, ... 9, 10, 15, 20 (50 subsamples in total). We optimized the filters’
parameters for each of the 50 subsamples, and predicted the 8 test seasons using these
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parameters and the summary statistics computed on the training seasons contained in each
subsample.

Evaluation targets

To evaluate the performance of the filtering methods we relied on 6 targets: the 1, 2, 3, and 4
week-ahead projections, the projected peak intensity (i.e. the projected maximum incidence
for the season under consideration), and the projected peak timing (i.e. the projected week of
maximum incidence) (Fig 1C).

Evaluation metrics

Following recent literature on the evaluation of probabilistic projection accuracy [27,40,41],
we primarily assessed the performance of the four filtering methods using the weighted inter-
val score (WIS), which is defined as follows:

N

%{%u ol D (B G-I <D+ 6w > u,.>)}
N + / 9 i=1

Here P is the distribution representing the projections obtained from a model, y is the
observation, m is the median projection, & is an N-dimensional vector of quantile levels, /; and
u; are the a;/2 and 1 — a;/2 projection quantiles, and I is the indicator function.

The WIS metric penalizes not only prediction intervals that do not contain the observed
data but also wide prediction intervals. Additionally, note that lower values correspond to bet-
ter performance, with a WIS = 0 representing a perfect projection.

For our analyses we set N = 11, o = 0.02, 0.05, 0.1, 0.2, . . ., 0.9, and we used the average
when combining scores from different weeks in a given season or when computing scores cor-

WIS, (P,y) =

responding to multiple targets and/or seasons.

In addition, we also measured probabilistic forecast accuracy using the logarithmic score,
defined as the predicted probability placed on the observed outcome [40]. Following [23], we
computed modified logarithmic scores for the targets on the incidence scale such that predic-
tions within +/- 100 cases per 100,000 inhabitants were considered accurate; i.e., given a model
with a probability density function f(z) and true value z*, modified log

zx+100
score = log / f(2)dz. For peak timing, predictions within +/- 1 week were considered
zx—100
zx+1

accurate; i.e., modified log score = log (z)dz. We truncated log scores to -10, to ensure
zx—1
all summary measures would be finite [23]; this rule was invoked for 2% of all scores. We
report the exponentiated average log score.
We also computed the mean absolute error (MAE) to evaluate point forecasts (predictive

medians). The MAE was defined as follows:
MAE=13")y 2
~ - Vi i

where y; is the observed value at time 7, z; is the median projection obtained from a model for
the same time point, and 7 is the number of time points considered.
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row represents a Bayesian filter, the text in each cell represents the rank (followed by the WIS in parentheses in panel A), and the color denotes
model rank—with darker colors corresponding to lower WIS and therefore better performance. Baseline: simple historical model; EAKF: ensemble
adjustment Kalman filter; EnKF: ensemble Kalman filter; mPF: our modified particle filter with weighting scheme v1 or v2; PF: standard particle
filter; SARIMA: seasonal autoregressive integrated moving average model.

https://doi.org/10.1371/journal.pchi.1012523.g002

Results

Fig 2A shows the WIS according to the projection target for the Bayesian filtering methods
and the two baseline/statistical models tested in our analyses. We find that, when averaging
over all test seasons, mPF_v2 performs better than any other method across all targets. The tar-
get for which the performance boost is most significant is the timing of the peak: mPF_v2 dis-
plays a WIS that is four times lower than that of the PF and the two Kalman filters. When
considering the MAE or the log score as an evaluation metric instead of WIS, we also find that
mPF_v2 provides better accuracy for all targets (Figs A and B in S1 Text). The parameter val-
ues of the different filters are shown in Table A in S1 Text. Values of ¢; and &, varied a lot
across filters, leading to very different distributions of the observation process’ standard devia-
tion (Fig C in S1 Text). Adding noise (regularization parameter ¢ > 0) in the standard and
modified particle filters substantially improved their performance compared to filters without
regularization (Fig D in S1 Text). In contrast, the parameter A (covariance inflation factor) in
Kalman filters had little influence on the overall performance (Fig D in S1 Text).

In Fig 2B, we report the WIS according to the projection target for each season in the test
set: the performance boost of the mPF with respect to the PF is consistent across all test seasons,
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except for 1-4 week-ahead targets in 2018-2019 (Fig 2B and Fig E in S1 Text). The gain in per-
formance is particularly high during the first weeks of a season, the differences between the
mpF_v2 and the PF decreasing as we approach the peak (Fig 3 and Fig E in S1 Text). From the
start of the season, the median predictions of the mPF for peak timing and intensity are much
closer to the observed values—which almost always lie within the 95% prediction intervals -,
whereas the PF systematically predicts an earlier peak, of lower intensity (Fig 3).

In Fig 4, we show how the performance of the mPF method evolves as a function of the
number of training seasons that are used when optimizing the filters’ parameters and comput-
ing the summary statistics needed to obtain its projections. In particular, we report the WIS of
mPF_v2 relative to that of the PF for the 6 projection targets used in our analyses. We found
that the mPF performance increases rapidly with the number of training seasons available to
inform the projections: the mPF outperforms the PF when four training seasons are available
for the 2 week-ahead target, and three training seasons for the 3-4 week-ahead targets and the
seasonal targets (peak intensity and peak timing). Increasing the number of training seasons
beyond ten slightly improves performance for week-ahead targets but the gain is marginal for
seasonal targets.

Discussion

The field of epidemic forecasting has experienced major developments in the last decade.
Expectation is that epidemic forecast quality will increase if we develop a better understanding
of the mechanisms driving the epidemic process and if we can learn from the mass of surveil-
lance data that have been collected over the years. This has led to the development of two rela-
tively distinct families of forecasting methods, based on mechanistic and statistical models,
respectively. In general, the two approaches have been used separately, which we believe is sub-
optimal. For example, calibration of mechanistic models to data from the ongoing epidemic
only misses opportunities to learn from trends observed in past epidemics. This may explain
why, for influenza, statistical models have slightly outperformed mechanistic ones. Here, we
proposed a simple approach that combines these two complementary paradigms by allowing
the forecast of a mechanistic model to be weighted by patterns observed during epidemics
from a training set.

We found that this approach substantially improved the forecast quality of mechanistic
models for seasonal influenza. Compared to a standard particle filter, our filtering method pre-
dicts seasonal targets with a score (WIS) that is four times lower for peak timing and 2 times
lower for peak intensity. The mPF shows that constraining projections according to the obser-
vations in the training seasons (i.e. accounting for the regularity that we expect to see in a non-
pandemic influenza season) produces better results than simplifying the structure of the model
(like Kalman filters do). We expect that the improvements will be more important when epi-
demic dynamics are characterized by regular epidemic patterns. Interestingly, in the specific
context of seasonal influenza, we found that access to historical data for a few seasons only was
sufficient to improve epidemic forecasts. Again, the number of seasons required to improve
forecasts will likely depend on characteristics of seasonal epidemic being looked at: the more
irregular it is, the larger the number of seasons required. While constraining projections
according to the information extracted from the training seasons allows the mPF to outper-
form the other approaches studied in this paper, we note that the actual mechanisms presented
here to achieve it (the v1 and v2 weighting schemes) do not follow from formal Bayesian deri-
vations but remain heuristic in nature.

Although using historical data to inform influenza forecasts is more common for statistical/
machine learning models than for mechanistic models [3,13,16-21,24,42,43] other studies also
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Fig 3. Predicted peak timing (A) and peak intensity (B) for the 8 test seasons, for the modified particle filter (mPF_v2) and the standard bootstrap
particle filter (PF). Solid lines represent projection medians, light shaded areas represent 95% prediction intervals, and dashed lines represent the true values.

https://doi.org/10.1371/journal.pchi.1012523.9003
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https://doi.org/10.1371/journal.pcbi.1012523.9g004

made use of past data to improve standard SIR models. For instance, the study by Ben-Nun
et al [44] used data augmentation to make maximum use of prior data within a mechanistic
framework. The data augmentation was a form of extrapolation in which future unobserved
time points were assumed to take either a historical average or values equal to those in the
most similar prior season. The study by Osthus et al [45] combined an SIR model for the dis-
ease-transmission process and a statistical model that accounted for systematic deviations
(called discrepancy) between the mechanistic model and the data. It allowed forecasts to bor-
row discrepancy information from previously observed flu seasons, assuming that future influ-
enza seasons will exhibit similar trajectories to past flu seasons. This model showed good
performance in comparison with other forecasting models participating in the CDC’s 2015-
2016 and 2016-2017 influenza forecasting challenge. These different approaches are promising
ways of combining statistical and mechanistic models to improve forecasts performance.
Following recent studies on COVID-19, we primarily compared models based on WIS to
assess probabilistic forecast accuracy [27,40,41]. The WIS is a proper score that approximates
the continuous ranked probability score and can be interpreted as a generalization of the abso-
lute error to probabilistic forecasts [40]. It is suitable for forecasts available in an interval or
quantile format. MAE was also computed to assess point forecast error. Both scores agreed
that the modified particle filters were performing best. In addition, we also measured probabi-
listic forecast accuracy using the logarithmic score, although it was reported to be less robust
than the CRPS [46]. This proper score can be applied when the full predictive distribution is
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available. Similarly to what was previously done for the CDC Flusight challenge [23], we used a
modified log score which counts probability mass within a certain tolerance range. It offers a
more accessible interpretation but has the disadvantage of being improper [40,47,48] which
prompted the CDC to move to the proper single-bin log score in 2019/2020 (applied to fore-
casts consisting of binned predictive distributions, which was not the case in our study)—
before moving to WIS in subsequent years to evaluate forecasts in quantile format [43]. Inter-
estingly, the log score yielded results comparable to the WIS, which is in line with a recent
study comparing various scores and showing that despite some differences, the WIS and the
log score agree on which are the best models [40].

In some situations, we expect that our approach might worsen forecasts. This is the case
when the current epidemic is expected to be radically different from past epidemics, for exam-
ple during influenza pandemics. In such a scenario, we recommend using a mechanistic
model without relying on trends observed during past seasonal epidemics. One could track the
degree of similarity between the current epidemic and past epidemics, to decide on which type
of model to use [45].

We performed our evaluation using a simple mechanistic model with an SIR structure. In
future developments, we aim to evaluate if forecast quality improves when including more
covariates in the model such as climatic information [49], circulating virus [50] and mobility/
school holidays data [51,52]. In addition, in our analysis, the reporting parameter p was con-
stant across all test seasons, which might limit performance if the true reporting rate varies
over time. An extension of this work could include p as a parameter that varies by season,
although it might be difficult to estimate the reporting parameter at the start of an influenza
season. Of note, our analysis was performed retrospectively, using consolidated data, and
therefore did not produce pseudo-prospective forecasts based on data reported in real-time.
Since delays in data availability or data revisions after their publication can increase the fore-
cast error, our study may tend to overestimate the performance of the forecasting models,
compared to what would be observed in real time. However, this overestimation would likely
affect all models indistinctly and our conclusions would likely be unchanged. We also
acknowledge that due to the single train-test split scheme that we used, the number of test sea-
sons (N = 8) was limited. However, the results were consistent across the 8 test seasons, under-
scoring the robustness of the study findings.

Finally, we used French ILI syndromic surveillance data to model influenza epidemic
dynamics. Such syndromic surveillance is an imperfect proxy of influenza activity as only a
proportion of influenza infections are detected and other respiratory viruses may cause ILI.
However, past analysis has shown that French ILI syndromic surveillance exhibited similar
epidemic dynamics as that reported by French virologic surveillance, with a coefficient of cor-
relation between the two time series of 0.85 and an average time lag between epidemic peaks of
0.22 weeks [51]. Our study focused on the pre-COVID-19 period, but we acknowledge that the
use of syndromic surveillance to study influenza is more challenging in a context where
COVID-19 is now also circulating. The expected co-circulation of SARS-CoV-2 and influenza
during the winter season in the Northern Hemisphere (when climatic conditions are favorable
for the transmission of both pathogens [53,54]) will bring new challenges for forecasting,
including questions regarding ILI cases identification (due to symptomatic similarities
between the two diseases), changing healthcare seeking behaviors, and possible interactions
between the two viruses. Relying on different data sources that are more specific to influenza
(such as laboratory-confirmed influenza hospital admissions as in [43]) or developing model-
ling approaches that account for co-circulating pathogens might be interesting avenues for
improvement.
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In conclusion, we developed a new approach for epidemic forecasting that integrates the
key strengths of the statistical approach into the mechanistic modelling framework. This
method is currently being tested in real-time to provide short-term forecasts in France.

Supporting information

S1 Text. Supplementary material.
(PDF)

Acknowledgments

We thank the Sentinelles network (Réseau Sentinelles) for making their data available online.

Author Contributions

Conceptualization: Alessio Andronico, Simon Cauchemez.

Formal analysis: Alessio Andronico, Juliette Paireau.

Methodology: Alessio Andronico, Juliette Paireau, Simon Cauchemez.

Software: Alessio Andronico.

Supervision: Simon Cauchemez.

Visualization: Alessio Andronico, Juliette Paireau.

Writing - original draft: Alessio Andronico, Juliette Paireau, Simon Cauchemez.

Writing - review & editing: Alessio Andronico, Juliette Paireau, Simon Cauchemez.

References

1. SPF. Fardeau de la grippe en France métropolitaine, bilan des données de surveillance lors des épidé-
mies 2011-12 a 2021-22. [cited 21 Mar 2023]. https://www.santepubliquefrance.fr/maladies-et-
traumatismes/maladies-et-infections-respiratoires/grippe/documents/rapport-synthese/fardeau-de-la-
grippe-en-france-metropolitaine-bilan-des-donnees-de-surveillance-lors-des-epidemies-2011-12-a-
2021-22

2. Chretien J-P, George D, Shaman J, Chitale RA, McKenzie FE. Influenza forecasting in human popula-
tions: a scoping review. PLoS One. 2014; 9: €94130.

3. Brooks LC, Farrow DC, Hyun S, Tibshirani RJ, Rosenfeld R. Nonmechanistic forecasts of seasonal
influenza with iterative one-week-ahead distributions. PLoS Comput Biol. 2018; 14: e1006134.

4. ShamanJ, Karspeck A, Yang W, Tamerius J, Lipsitch M. Real-time influenza forecasts during the
2012-2013 season. Nature Communications. 2013. https://doi.org/10.1038/ncomms3837 PMID:
24302074

5. Birrell PJ, Ketsetzis G, Gay NJ, Cooper BS, Presanis AM, Harris RJ, et al. Bayesian modeling to
unmask and predict influenza A/H1N1pdm dynamics in London. Proc Natl Acad Sci U S A. 2011; 108:
18238-18243.

6. Osthus D, Hickmann KS, Caragea PC, Higdon D, Del Valle SY. Forecasting seasonal influenza with a
state-space SIR model. Ann Appl Stat. 2017; 11: 202—-224.

7. Tizzoni M, Bajardi P, Poletto C, Ramasco JJ, Balcan D, Gongalves B, et al. Real-time numerical fore-
cast of global epidemic spreading: case study of 2009 A/H1N1pdm. BMC Med. 2012; 10: 165.

8. Nsoesie E, Mararthe M, Brownstein J. Forecasting peaks of seasonal influenza epidemics. PLoS Curr.
2013; 5.

9. Hyder A, Buckeridge DL, Leung B. Predictive validation of an influenza spread model. PLoS One. 2013;
8: e65459.

10. YangW, Karspeck A, Shaman J. Comparison of filtering methods for the modeling and retrospective
forecasting of influenza epidemics. PLoS Comput Biol. 2014; 10: e1003583.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012523  October 30, 2024 15/17


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012523.s001
https://www.santepubliquefrance.fr/maladies-et-traumatismes/maladies-et-infections-respiratoires/grippe/documents/rapport-synthese/fardeau-de-la-grippe-en-france-metropolitaine-bilan-des-donnees-de-surveillance-lors-des-epidemies-2011-12-a-2021-22
https://www.santepubliquefrance.fr/maladies-et-traumatismes/maladies-et-infections-respiratoires/grippe/documents/rapport-synthese/fardeau-de-la-grippe-en-france-metropolitaine-bilan-des-donnees-de-surveillance-lors-des-epidemies-2011-12-a-2021-22
https://www.santepubliquefrance.fr/maladies-et-traumatismes/maladies-et-infections-respiratoires/grippe/documents/rapport-synthese/fardeau-de-la-grippe-en-france-metropolitaine-bilan-des-donnees-de-surveillance-lors-des-epidemies-2011-12-a-2021-22
https://www.santepubliquefrance.fr/maladies-et-traumatismes/maladies-et-infections-respiratoires/grippe/documents/rapport-synthese/fardeau-de-la-grippe-en-france-metropolitaine-bilan-des-donnees-de-surveillance-lors-des-epidemies-2011-12-a-2021-22
https://doi.org/10.1038/ncomms3837
http://www.ncbi.nlm.nih.gov/pubmed/24302074
https://doi.org/10.1371/journal.pcbi.1012523

PLOS COMPUTATIONAL BIOLOGY Integrating historical data into mechanistic models for flu forecasting

11. Spaeder MC, Stroud JR, Song X. Time-series model to predict impact of HIN1 influenza on a children’s
hospital. Epidemiol Infect. 2012; 140: 798-802.

12. Soebiyanto RP, Adimi F, Kiang RK. Modeling and predicting seasonal influenza transmission in warm
regions using climatological parameters. PLoS One. 2010; 5: €9450.

13. Dugas AF, Jalalpour M, Gel Y, Levin S, Torcaso F, Igusa T, et al. Influenza forecasting with Google Flu
Trends. PLoS One. 2013; 8: €56176.

14. Mellor J, Christie R, Overton CE, Paton RS, Leslie R, Tang M, et al. Forecasting influenza hospital
admissions within English sub-regions using hierarchical generalised additive models. Commun Med.
2023; 3: 190.

15. Paireau J, Andronico A, Hozé N, Layan M, Crépey P, Roumagnac A, et al. An ensemble model based
on early predictors to forecast COVID-19 health care demand in France. Proc Natl Acad Sci U S A.
2022; 119: 2103302119.

16. Chen S, Xu J, Wu Y, Wang X, Fang S, Cheng J, et al. Predicting temporal propagation of seasonal influ-
enza using improved gaussian process model. J Biomed Inform. 2019; 93: 103144.

17. Ray EL, Sakrejda K, Lauer SA, Johansson MA, Reich NG. Infectious disease prediction with kernel con-
ditional density estimation. Stat Med. 2017; 36: 4908—-4929.

18. Viboud C, Boélle P-Y, Carrat F, Valleron A-J, Flahault A. Prediction of the spread of influenza epidemics
by the method of analogues. Am J Epidemiol. 2003; 158: 996—-1006.

19. WangH, Kwok KO, Riley S. Forecasting influenza incidence as an ordinal variable using machine learn-
ing. Wellcome Open Res. 2024; 9: 11.

20. Miliou |, Xiong X, Rinzivillo S, Zhang Q, Rossetti G, Giannotti F, et al. Predicting seasonal influenza
using supermarket retail records. PLoS Comput Biol. 2021; 17: €1009087.

21. Brownstein JS, Chu S, Marathe A, Marathe MV, Nguyen AT, Paolotti D, et al. Combining Participatory
Influenza Surveillance with Modeling and Forecasting: Three Alternative Approaches. JMIR Public
Health Surveill. 2017; 3: e83.

22. Santillana M, Nguyen AT, Dredze M, Paul MJ, Nsoesie EO, Brownstein JS. Combining Search, Social
Media, and Traditional Data Sources to Improve Influenza Surveillance. PLoS Comput Biol. 2015; 11:
e€1004513.

23. Reich NG, Brooks LC, Fox SJ, Kandula S, McGowan CJ, Moore E, et al. A collaborative multiyear, mul-
timodel assessment of seasonal influenza forecasting in the United States. Proc Natl Acad Sci U S A.
2019; 116: 3146-3154.

24. Biggerstaff M, Johansson M, Alper D, Brooks LC, Chakraborty P, Farrow DC, et al. Results from the
second year of a collaborative effort to forecast influenza seasons in the United States. Epidemics.
2018; 24: 26-33.

25. McGowan CJ, Biggerstaff M, Johansson M, Apfeldorf KM, Ben-Nun M, Brooks L, et al. Collaborative
efforts to forecast seasonal influenza in the United States, 2015-2016. Sci Rep. 2019; 9: 683.

26. Reich NG, McGowan CJ, Yamana TK, Tushar A, Ray EL, Osthus D, et al. Accuracy of real-time multi-
model ensemble forecasts for seasonal influenza in the U.S. PLoS Comput Biol. 2019; 15: e1007486.

27. CramerEY, Ray EL, Lopez VK, Bracher J, Brennen A, Castro Rivadeneira AJ, et al. Evaluation of indi-
vidual and ensemble probabilistic forecasts of COVID-19 mortality in the United States. Proc Natl Acad
SciUS A.2022;119: e2113561119.

28. Funk S, Abbott S, Atkins BD, Baguelin M, Baillie JK, Birrell P, et al. Short-term forecasts to inform the
response to the Covid-19 epidemic in the UK. https://doi.org/10.1101/2020.11.11.20220962

29. Johansson MA, Apfeldorf KM, Dobson S, Devita J, Buczak AL, Baugher B, et al. An open challenge to
advance probabilistic forecasting for dengue epidemics. Proc Natl Acad Sci U S A. 2019; 116: 24268—
24274,

30. Viboud C, Sun K, Gaffey R, AjelliM, Fumanelli L, Merler S, et al. The RAPIDD ebola forecasting chal-
lenge: Synthesis and lessons learnt. Epidemics. 2018; 22: 13-21.

31. réseau Sentinelles, INSERM/UPMC. [cited 5 Sep 2022]. https://www.sentiweb.fr/france/en/?page=
maladies&mal=3

32. Ferguson NM, Cummings DAT, Cauchemez S, Fraser C, Riley S, Meeyai A, et al. Strategies for con-
taining an emerging influenza pandemic in Southeast Asia. Nature. 2005; 437: 209-214.

33. Sarkkéa S. Bayesian Filtering and Smoothing. Cambridge University Press; 2013.

34. King AA, Nguyen D, lonides EL. Statistical inference for partially observed Markov processes via theR-
Packagepomp. J Stat Softw. 2016; 69. https://doi.org/10.18637/jss.v069.i12

35. Anderson JL. An Ensemble Adjustment Kalman Filter for Data Assimilation. Monthly Weather Review.
2001. pp. 2884—29083. https://doi.org/10.1175/1520-0493(2001)129<2884:aeakff>2.0.co;2

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012523  October 30, 2024 16/17


https://doi.org/10.1101/2020.11.11.20220962
https://www.sentiweb.fr/france/en/?page=maladies&mal=3
https://www.sentiweb.fr/france/en/?page=maladies&mal=3
https://doi.org/10.18637/jss.v069.i12
https://doi.org/10.1175/1520-0493%282001%29129%26lt%3B2884%3Aaeakff%26gt%3B2.0.co%3B2
https://doi.org/10.1371/journal.pcbi.1012523

PLOS COMPUTATIONAL BIOLOGY

Integrating historical data into mechanistic models for flu forecasting

36.

37.

38.

39.

40.

M,

42,

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Shaman J, Karspeck A. Forecasting seasonal outbreaks of influenza. Proceedings of the National
Academy of Sciences. 2012. pp. 20425-20430. https://doi.org/10.1073/pnas.1208772109 PMID:
23184969

The R Project for Statistical Computing. [cited 20 Apr 2022]. https://www.R-project.org/

Hyndman RJ, Khandakar Y. Automatic Time Series Forecasting: The forecast Package for R. J Stat
Softw. 2008; 27. https://doi.org/10.18637/jss.v027.i03

Ray EL, Reich NG. Prediction of infectious disease epidemics via weighted density ensembles. PLoS
Comput Biol. 2018; 14: €1005910.

Bracher J, Ray EL, Gneiting T, Reich NG. Evaluating epidemic forecasts in an interval format. PLOS
Computational Biology. 2021. p. €1008618. https://doi.org/10.1371/journal.pcbi.1008618 PMID:
33577550

Sherratt K, Gruson H, Grah R, Johnson H, Niehus R, Prasse B, et al. Predictive performance of multi-
model ensemble forecasts of COVID-19 across European nations. Elife. 2023; 12. https://doi.org/10.
7554/eLife.81916 PMID: 37083521

Zhang Q, Perra N, Perrotta D, Tizzoni M, Paolotti D, Vespignani A. Forecasting seasonal influenza fus-
ing digital indicators and a mechanistic disease model. Proceedings of the 26th International Confer-
ence on World Wide Web. Republic and Canton of Geneva, Switzerland: International World Wide Web
Conferences Steering Committee; 2017.

Mathis SM, Webber AE, Ledn TM, Murray EL, Sun M, White LA, et al. Evaluation of FluSight influenza
forecasting in the 2021-22 and 2022—-23 seasons with a new target laboratory-confirmed influenza hos-
pitalizations. Nat Commun. 2024; 15: 6289.

Ben-Nun M, Riley P, Turtle J, Bacon DP, Riley S. Forecasting national and regional influenza-like illness
for the USA. PLoS Comput Biol. 2019; 15: €1007013.

Osthus D, Gattiker J, Priedhorsky R, Del Valle SY. Dynamic Bayesian Influenza Forecasting in the
United States with Hierarchical Discrepancy (with Discussion). Bayesian Anal. 2019; 14: 261-312.

Gneiting T, Balabdaoui F, Raftery AE. Probabilistic forecasts, calibration and sharpness. J R Stat Soc
Series B Stat Methodol. 2007; 69: 243-268.

Bracher J. On the multibin logarithmic score used in the FluSight competitions. Proc Natl Acad SciU S
A.2019; 116: 20809-20810.

Reich NG, Osthus D, Ray EL, Yamana TK, Biggerstaff M, Johansson MA, et al. Reply to Bracher: Scor-
ing probabilistic forecasts to maximize public health interpretability. Proc Natl Acad Sci U S A. 2019;
116:20811-20812.

Shaman J, Kohn M. Absolute humidity modulates influenza survival, transmission, and seasonality.
Proc Natl Acad Sci U S A. 2009; 106: 3243—-3248.

Bedford T, Suchard MA, Lemey P, Dudas G, Gregory V, Hay AJ, et al. Integrating influenza antigenic
dynamics with molecular evolution. Elife. 2014; 3: e01914.

Cauchemez S, Valleron A-J, Boélle P-Y, Flahault A, Ferguson NM. Estimating the impact of school clo-
sure on influenza transmission from Sentinel data. Nature. 2008; 452: 750-754.

Charu V, Zeger S, Gog J, Bjgrnstad ON, Kissler S, Simonsen L, et al. Human mobility and the spatial
transmission of influenza in the United States. PLoS Comput Biol. 2017; 13: e1005382.

Tamerius J, Nelson Ml, Zhou SZ, Viboud C, Miller MA, Alonso WJ. Global Influenza Seasonality: Rec-
onciling Patterns across Temperate and Tropical Regions. Environ Health Perspect. 2011; 119(4):
439-445. https://doi.org/10.1289/ehp.1002383 PMID: 21097384

Paireau J, Charpignon M-L, Larrieu S, Calba C, Hozé N, Boélle P-Y, et al. Impact of non-pharmaceutical
interventions, weather, vaccination, and variants on COVID-19 transmission across departments in
France. BMC Infect Dis. 2023; 23: 1—12.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012523  October 30, 2024 17/17


https://doi.org/10.1073/pnas.1208772109
http://www.ncbi.nlm.nih.gov/pubmed/23184969
https://www.R-project.org/
https://doi.org/10.18637/jss.v027.i03
https://doi.org/10.1371/journal.pcbi.1008618
http://www.ncbi.nlm.nih.gov/pubmed/33577550
https://doi.org/10.7554/eLife.81916
https://doi.org/10.7554/eLife.81916
http://www.ncbi.nlm.nih.gov/pubmed/37083521
https://doi.org/10.1289/ehp.1002383
http://www.ncbi.nlm.nih.gov/pubmed/21097384
https://doi.org/10.1371/journal.pcbi.1012523

