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ARTICLE INFO ABSTRACT

Keywords: Accurate epidemic forecasting is critical for informing public health decisions and timely interventions. While
Physics-informed neural network physics-informed neural networks have shown promise in various scientific domains, their potential application
Epidemic modeling to real-time epidemic forecasting remains underexplored. Here, we present SIR-INN, a hybrid forecasting

Epidemic forecasting

. framework that integrates the mechanistic structure of the classical Susceptible-Infectious—-Recovered (SIR)
Seasonal influenza

model into a neural network architecture. Trained once on synthetic epidemic scenarios, the model is able
to generalize across epidemic conditions without retraining. From limited and noisy observations, SIR-INN
infers key transmission parameters via Markov chain Monte Carlo, generating probabilistic short- and long-
term forecasts. We validate SIR-INN using national influenza data from the Italian National Institute of Health
in the 2023-2024 and 2024-2025 seasons. The model performs competitively with current state-of-the-art
approaches, particularly in terms of weighted interval score. It shows accurate predictive performance in nearly
all phases of the outbreak, with improved accuracy observed for the 2024-2025 influenza season. Credible
uncertainty intervals are consistently maintained, while coverage metrics highlight room for improvement in
uncertainty calibration. SIR-INN offers a computationally efficient, transparent, and generalizable solution for
epidemic forecasting, appropriately leveraging the framework’s hybrid design. Its ability to provide real-time
predictions of epidemic dynamics, together with uncertainty quantification, makes it a promising tool for
real-world epidemic forecasting.

1. Introduction Fiandrino et al., 2025). At the same time, the most effective stan-
dalone approaches generally combine statistical or machine learning

In recent years, numerical modeling for epidemic forecasting has techniques with conceptual models that incorporate infectious disease
become a key tool for public health. Short-term forecasts of the epi- transmission dynamics, either explicitly through compartmental models
demic burden, such as the expected number of cases, hospitalizations, or implicitly through factors such as seasonality or recent trends in
or deaths, can inform policymaking and provide situational awareness observed data (Lopez et al., 2024; Ray et al., 2025). However, the

to respond effectively with targeted intervention strategies (Desai et al.,
2019; Lauer et al., 2021). Over the years, different epidemic forecasting
approaches have been adopted to predict the temporal dynamics of
dengue (Johansson et al., 2019), Ebola (Viboud et al., 2018), seasonal
influenza (Biggerstaff et al., 2016; Brownstein et al., 2017), COVID-
19 (Sherratt et al., 2023; Wolffram et al.,, 2023) and many other
diseases (Del Valle et al., 2018; Holcomb et al., 2023).

On the one hand, recent developments in the field have highlighted
the numerous advantages of using ensemble modeling strategies based
on large collaborative efforts (Reich et al., 2019; Fox et al., 2024;

use of such hybrid models is still limited in real-world applications,
as demonstrated by a recent review of COVID-19 modeling studies in
the United States, which showed that only 13% of the research teams
adopted a hybrid methodology for pandemic forecasting (Nixon et al.,
2022).

In general, hybrid methods have been developed to preserve the
knowledge of the spreading mechanism, derived from mechanistic
modelization, while simultaneously leveraging the data-driven learning
capabilities and flexibility of machine learning models (Karniadakis
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et al.,, 2021; O’Dea and Drake, 2022; Ye et al., 2025). Among hybrid
models, a promising framework is emerging rapidly within the field
of epidemiology: the Physics-Informed Neural Network (PINN) (Raissi
et al.,, 2019). PINNs are capable of incorporating the observed data
and mathematical models described by Partial Differential Equations
(PDEs) through a regularization mechanism endowed with the neural
network. Furthermore, compared with purely data-driven approaches,
a PINN can take advantage of few and noisy data while still ensuring
robustness and generalization capabilities for its physically consistent
predictions (Raissi et al., 2019; Karniadakis et al., 2021; Cuomo et al.,
2022).

For these reasons, PINNs are successfully used for a wide variety
of applications such as aerodynamics, fluid mechanics, biology, and
epidemiology (Lagergren et al.,, 2020; Mao et al., 2020; Cai et al.,
2021). Specifically, within the epidemiological context, the integration
of prior epidemiological knowledge (derived from mechanistic models)
enables the neural network to serve as an efficient surrogate, accurately
learning the dynamics of disease spread and inferring disease-related
parameters (Shaier et al., 2021; Bertaglia et al., 2022; Ning et al.,
2023a,b; Qian et al., 2025). However, despite the fact that the liter-
ature on epidemiological PINNs is becoming vast and ubiquitous, the
prediction of real-time epidemic scenarios with PINNs has not been
extensively explored. Some recent efforts have begun to address this
gap. Madden et al. (2024) has proposed integrating a time series SIR
model (TSIR) with PINNs that improves both forecast and parameter
inferences of measles dynamics. Berkhahn and Ehrhardt (2022) im-
plemented a PINN for COVID-19 modelization and future outbreak
scenario generation. Millevoi et al. (2024) implemented a multiple
PINNs framework investigating joint and split approaches to estimate
temporal changes in model parameters and state variables, also pro-
viding a short-term forecast application on Italian COVID-19 data.
The Epidemiologically-Informed Neural Networks (EINNs) framework,
introduced by Rodriguez et al. (2023), combines a time module and a
feature module to leverage multiple data sources for both short-term
and long-term forecasting. Finally, Kharazmi et al. (2021) investigated
several epidemiological models adopting the PINNs approach that uses
multiple neural networks, identifying time-dependent parameters and
forecasting with uncertainty quantification.

Most of these works adopt a framework that simultaneously ad-
dresses both forward and inverse problems, fully exploiting the po-
tential of PINNs. Alternatively or jointly, some of the aforementioned
approaches rely on extensive use of different neural networks, em-
ploying them independently to solve specific tasks (e.g., learning the
compartments of the PDEs model, finding the unknown parameters)
and subsequently combining their results. In either case, when aiming
for real-time forecasting, a weakness emerges: the designed framework
requires neural network retraining whenever new observations (or new
epidemic scenarios) become available, thus increasing both the compu-
tational cost and the delay in receiving results. This also restricts the
generalizability of a single pre-trained neural network. Moreover, by
design, the neural network evaluation produces one single deterministic
output as forecast trajectories. As a drawback, in almost all of these
cases, there is no uncertainty analysis with respect to the forecasting
process, which, instead, is provided by statistical inferential approaches
and stochastic simulation studies (Bracher et al., 2021; Sherratt et al.,
2023).

To address these limitations while preserving the known benefits
and potential of a hybrid approach, we propose here a novel framework
for epidemic forecasting, namely Susceptible-Infectious—-Recovered—
Informed Neural Network (SIR-INN). In particular, we construct a
single PINN that takes advantage of the simplicity and modeling ability
in describing different epidemic dynamics of the SIR model. The prior
epidemiological knowledge embedded in the neural network architec-
ture is directly derived from the differential equations underlying the
SIR compartmental model, with constant transition rates. Our PINN is
trained once on synthetic observations of epidemic scenarios that are
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close to the real ones in a temporal-epidemic domain that considers
both the epidemic parameters and time as variables. This enables our
model to efficiently learn a wide range of disease dynamics, general-
izing its understanding to the transmission patterns of other infectious
diseases. Thus, starting from a limited and noisy set of observations,
the pre-trained SIR-INN is able to estimate, via the Markov Chain
Monte Carlo (MCMC) method, the parameters that characterize the
SIR-based epidemic dynamics. Finally, by exploiting these estimated
parameters, our model can efficiently forecast future time windows.
In particular, our SIR-INN solution provides (i) a single neural network
trained on synthetic data, eliminating the need for retraining or relying
on multiple networks and significantly limiting the computational cost
of the method, while preserving the mechanistic structure of epidemic
spreading; (ii) an efficient inference model for epidemiological data,
combining a deterministic neural network as the underlying model
with MCMG; (iii) explicit uncertainty quantification of the estimated
epidemiological parameters, finally ensuring probabilistic forecasting.

To validate our proposed framework in a real-world epidemic sce-
nario, we use national data from the Italian seasonal influenza surveil-
lance system, provided by the Italian National Institute of Health
(ISS) (Istituto Superiore di Sanita, 2020). In particular, we perform
forecasting simulations four weeks and ten weeks ahead for both the
2023-2024 and 2024-2025 influenza seasons. Furthermore, we com-
pare our results with state-of-the-art approaches for seasonal influenza
forecasting, presented in the Influcast Hub (InfluCast, 2025), and adopt
the same evaluation metrics as those used by Fiandrino et al. (2025).
Such results and comparisons suggest that SIR-INN offers an efficient,
cost-effective, and accurate hybrid alternative for real-world epidemic
forecasting. It maintains high predictive accuracy even over long-term
horizons and across multiple epidemic scenarios, while ensuring both
generalizability and reliable uncertainty quantification.

The remainder of the paper is structured as follows. In Section 2,
we present the structure of the SIR-INN methodology, highlighting
the three phases of model approximation, parameter inference, and
forecasting. The details of the implementation of all components of the
methodology are reported in Section 3. The numerical results of the
application of the proposed framework in seasonal influenza scenarios
are provided in Section 4. Finally, we summarize our work and derive
our conclusions in Section 5.

2. Methods

The SIR-INN framework presented in this work mainly consists of
three consecutive and related steps: the PINN training, the inference of
the disease parameters, and, finally, the forecasting of the future disease
states.

In the first phase, described in detail in Section 2.1, we imple-
ment a SIR-based PINN. Specifically, we insert the ordinary differential
equations of a SIR epidemic model as a regularization term into the
loss function of a neural network. Then, we train the PINN on syn-
thetic data close to real disease scenarios, as explained in detail in
Section 3.1. The following steps leverage this pre-trained PINN with
the aim of forecasting the disease spreading process starting from a
few noisy observations. In particular, Section 2.2 (and Section 3.2)
describes how, from a selected time window of observations, we infer
the parameters that characterize the disease-spreading dynamics via
the MCMC method. Then, by evaluating our pre-trained PINN model
on these estimated parameters and on a future time window, we can
perform both short-term and long-term disease forecasting. This last
step is described in detail in Section 2.3.

2.1. SIR model approximation via PINN
PINNs are universal function approximators efficiently endowed

with physical knowledge described in terms of systems of either Or-
dinary Differential Equations (ODEs) or PDEs (Raissi et al., 2019).
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Here, we focus on a PINN that incorporates an epidemic spreading
dynamic as physical knowledge, while fitting some synthetic data that
describe plausible epidemic scenarios (see also Section 3.1 for details).
In this setting, a well-known and widely used compartmental model is
the SIR epidemic model (Kermack and McKendrick, 1927), defined by

as@m
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where S : [t,,T] — [0,1] represents the proportion of susceptibles,
I : [t;,T]1 - [0,1] the proportion of infected individuals, and R :
[t5.T1 — [0, 1] the proportion of removed individuals, with respect to
the total population size N. Individuals are transferred between com-
partments through two transition rates: § € Ry, the epidemic contact
or transmission rate, and y € Ry, the removal rate (recovered or
mortality). A fundamental threshold quantity for the analysis of disease
spread is the so-called basic reproduction number R, = f/y, which
represents the expected number of new infections produced by a single
infected individual during their infectious period when introduced into
a population where all subjects are susceptible (Heffernan et al., 2005).
The effective reproduction number, R,, is a time-dependent quantity
that measures the number of new infections caused by an infected
individual at any point in time of the outbreak. It can be estimated
based on the basic reproduction number and on the proportion of
susceptible in the population as R, = R - S(7), by assuming constant
p and y (Nishiura and Chowell, 2009).

Given the initial conditions S(0), 1(0), R(0) the system is fully speci-
fied. Summing the equations in (1), we obtain dit(S(t) +I{t)+R(@) =0
which implies that the total population is constant over time. Since the
model is expressed in normalized form, it follows that S(#)+I(¢)+ R(t) =
1 Vt € [ty,T]. Note also that the epidemic dynamics do not allow any
effects of births and deaths on the populations since the time scale of
the epidemic is assumed to be shorter with respect to the vital dynamics
mechanism.

The first step, illustrated in Fig. 1, is to implement a PINN that learns
the SIR model defined by Eq. (1). This ODE system can be formulated
as a parametrized non-linear ODEs system

du(t A)

+ Flu(t; A); A] = t € [ty, T, 2

where 1 := (B,y) € Rio are the parameters of (1), F[u;4] is the
parametric non-linear differential operator, and u : [z, TIxR? - [0,1]3,
u(t; 1) = (S@), 1), R@®)) € [0,1]? is the solution map (Folland, 1995;
Evans, 2022).

With the framework defined by Eq. (2), the objective of the PINN
approach is as follows. Given fixed model parameters 4 € R™, find
a neural network uy (7; ) that approximates the solution u(z; 1) of the
ODEs system. We recall that a neural network uy is a parametric
function depending on a vector 6 of parameters learnable via an opti-
mization procedure, which will be explained in the following, that finds
the values of 6 which steer the network output towards some desired
values. Since the specific inner working of these parameters is not the
focus of our paper, we omit the dependence on 6 in our notation, and
we refer to LeCun et al. (2015) and to Goodfellow et al. (2016) for
further details. To ensure that the neural network that approximates
the solution u(; A) efficiently learns a variety of epidemic scenarios,
we extend the temporal domain of the function approximator to a
temporal-epidemic domain that considers the epidemic parameters as
variables in addition to the time variable. Hence, we construct the PINN
as a function uy : 7 x B x I' = [0,1]°, namely uy(t, f,y), with the
aim of approximate the solution u(z; §,y). Although uy is in principle
defined for more general inputs, we aim at an accurate model for values
in 7T xBx T, with T = [t tmax)s B = Boins Brax)s @A0A T = [Vpins Yimaxls
where 0 < 7, < tyaxs 0 < Boin < Paxs 0 < Vmin < Ymax are suitable
values that are specified in the following.
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The methodology setting is data-driven, i.e., we suppose we have
knowledge of a number of samples of the unknown solution, namely

X = {58 r), i=1,.
Vi =1y = u(tf-‘;/i}‘,y;’), i=1,....N

=1, ..
where N,, N; and N, are the total number of sampled parameters ¢,
B} and y, respectively. Note that these parameters are chosen in the
same intervals 7, B, I' defined before. The values y; are collected by
numerical solutions of the system (2) for the corresponding parameters.

The neural network’s parameters are then optimized to minimize
a certain loss function, which is a measure of the network’s accuracy.
In particular, PINNs use a model-dependent, customized loss that inte-
grates the governing equations of the ODEs system (2) while fitting the
data (Raissi et al., 2019). More precisely, the loss has two components

N,}CTXBXT,

Nuj=1,.. Npk=1,..,

Npk=1...N,}., (3

L=Lyy.+LopE> “4)
where
Edam = MSE(“N’ 1rs ytr) (5)

is the standard Mean Squared Error (MSE) loss, i.e., the approximation
error computed considering the training dataset (3) of N,-Ny-N, points,
while the physics-endowed loss L, is the component that forces the
neural network to approximate the ODEs. This is done by defining a
so-called residual function R(u,t; 1) associated to the ODEs (2), i.e.,

du(t /1)

R,1;2) 1= —2 + Flu(; ) A,  t€[t5.T], A1€R, (6)

in such a way that the physics-endowed loss penalizes the solutions
with a large residual, i.e.

1 ( R. oR R\’
—_— E R u]\/g’-?ﬂ»s]’k) 5 (@]
NE.NR.NR &4 P

[’ODE

where the points are taken in the so-called collocation set

LNRj=1,...

Xeon = 1GF B E !
The construction of this physics-informed loss function enables the
addition of a regularization term that drives the network to learn
the underlying model structure, simultaneously fitting the data, and
preserving the initial conditions if they are specified. Compared to
purely data-driven training, this mechanism allows us to benefit from
one simple feedforward neural network, with few layers and neurons,
and to train it on small amounts of data (Raissi et al., 2019; Karniadakis
et al., 2021). Although the two loss terms in (4) are sometimes weighted
with different coefficients in order to balance their relative importance,
we found in our results that no noticeable difference can be obtained
in this way (see Appendix D.3). We thus keep an unweighted definition
for the loss in our framework.

Y, i=1,... ,NﬁR,k= 1,...,Nf}. (8)

2.2. Parameters inference

As a second step of our methodology, we employ an MCMC (Neal,
1993; Richey, 2010) method to extract, from a few noisy observations,
the epidemic features that describe the underlined disease spreading
process.

In particular, once our SIR-INN is trained on synthetic data approx-
imating credible epidemic scenarios as described in Section 2.1 (and in
Section 3.1), we use MCMC to estimate the epidemic parameters that
drive the PINN solution to be as close as possible to the observations.
As fundamental parameters that characterize the outbreak dynamics,
we choose the initial time 7, € R, of the observed spreading process,
that is the time at which we start to observe the data, and the two
transition rates of the SIR-based model: the transmission rate and the
removal rate, § € Ry, and y € R, respectively. It is important to
note that at this stage the weights of the neural network are fixed,
and the trained SIR-INN represents a function uy TxBxTI -
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du(t; B,
R(u,t;8,7) = duf ]f ) + Flu(t; 8,7)]
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Fig. 1. Diagram of the PINN architecture for the SIR model learning. The red-dashed frame represents the neural network which takes as inputs the time 7 € 7, the
disease transmission rate, § € B, the recovery rate, y € I', and outputs u € [0, 1], i.e., the three normalized components of the SIR epidemic model: susceptibles,
infectious, and recovered. Furthermore, the neural network is integrated with the physical knowledge of the SIR epidemic model, represented by the yellow-dashed
frame, through the insertion of the ODEs system into the loss function of the neural network, becoming a physics-informed neural network. PINN parameters are
obtained by minimizing the total loss function, represented by the green-dashed frame, on the training data and satisfying a SIR-based dynamics as well. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

[0,1]%. Then, the MCMC method is implemented assuming, as priors,
uniform distributions for all the parameters and, as reference model,
our pre-trained PINN. Furthermore, we chose a likelihood function that
reflects the nature of epidemiological data: a Poisson distribution with
a function of the model output serving as its mean. For details about
this step, please refer to Section 3.2.

Once we run the MCMC algorithm for a selected time window of
observations, we obtain a Markov chain of the estimated parameters.
We then select 1000 posterior samples of the tails, namely: %, f,7,
from which we can extract summary statistics and perform probabilistic
forecasting.

2.3. Forecasting

The last step of our methodology, that is forecasting the future
state of the epidemic, is the most crucial but perhaps the simplest to
implement. Indeed, it only amounts at evaluating the pre-trained SIR-
INN model with the parameters estimated via MCMC, as explained in
the previous section.

Namely, for each observation window we obtain %, f.%, as in Sec-
tion 2.2, and evaluate the SIR-INN model on 3, 7 parameters (with their
uncertainty) and on the full time window, starting at time 0. We then
translate time O to the estimated initial time %, to obtain the predicted
S, I, and R components of interest. The resulting values can be used
both for short- and long-term probabilistic forecasting, just selecting a
forecasting window size.

Iterating this procedure over each time rolling-window of observa-
tions, it provides forecasts over the entire time period of interest.

3. Implementation and evaluation details

All simulations were coded in the Python programming language us-
ing the libraries PyTorch version 2.6.0 (Paszke et al., 2019), Pymcm—
cstat package version 1.9.1 (Miles, 2019), seaborn library version
0.13.2 (Waskom, 2021). Validation metrics were computed using the R
programming language, specifically with the scoringutils package
version 1.2.2 (Bosse et al., 2022).

3.1. PINN architecture and training

Regarding the neural network architecture, we leverage the regu-
larization mechanism of the PINNs to benefit from simple feedforward
neural networks, minimizing as much as possible the computational
cost derived from the usual deep neural networks (Raissi et al., 2019;
Karniadakis et al., 2021). We implemented a single PINN consisting of
only three hidden layers, and an overall architecture of [3, 16,32, 16, 3],
where each value denotes the number of neurons per layer, from
input to output. As activation functions, we use smooth differentiable
functions commonly used for PINNs (Cuomo et al., 2022): hyperbolic
tangent for the hidden layers and a sigmoid activation function for the
output layer, to have outputs in the range [0, 1]. This data normaliza-
tion is commonly adopted for training neural networks: in our case,
this requires normalizing the data by the total population size N, as
(S/N,I/N,R/N) components, during training. This normalization is
consistent both with the ODE system (1) embedded in the neural net-
work via loss function (7), and with the second step of our framework
(i.e., parameter inference), where the model outputs are compared with
incidence data, which are inherently expressed as proportions with
respect to the population size.

As described in Section 2.1, to train our SIR-INN, we chose synthetic
data for the training set and the collocation set. In particular, since
we generated them to construct the training set (3), we used the same
samples for the collocation set (8). Hence, following the same notation
of Section 2.1, we considered X,. = X,,;. For the time component,
t¢, we used weekly time data in a time window of 600 days; from
11 = 0 to g, = 595. Regarding the ranges of parameters, we define
a uniform grid of size 50 for the removal rate y € [1/12,1/2.5],
and the transmission rate § € [0.12,0.45]. Then we restricted the
values with linear constraints around the diagonal of the grid (that is,
around R, = f/y = 1) obtaining 1068 pairs of values (ﬁ}‘,y,'g), j =
L....,Ngk =1,..,N, where Ny - N, = 1068. These intervals were
selected to represent plausible epidemiological conditions for seasonal
influenza (Carrat et al., 2008; Biggerstaff et al., 2014). In particular,
the corresponding infectious period 1/y ranges from approximately 2
to 12 days, while the basic reproduction number R, = f/y spans the
interval (0.75,2.5). These values were chosen with the aim of covering a
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sufficiently broad domain that could both plausibly contain parameter
values inferred from real influenza surveillance data and maintain the
neural network generalization capabilities. Indeed, the training domain
contains both subcritical regimes (i.e., Ry < 1) in which epidemics do
not occur, and regimes where R, > 1 characterized by epidemic growth
that allows the framework to deal with different influenza seasons. A
visualization of all the parameter pairs included in the training set is
provided in Appendix C (Figure C.11).

To construct the Y, training set (3), for each pair of parameters,
(ﬂ}‘ 70, we first generated the SIR components via odeint. This is done
considering a daily time window of 600 days for ¢/, a population size
N =10, and the SIR initial conditions (S(0), I(0), R(0)) = (N — 1, 1,0).
Second, we normalized all the values by the total population size, which
correspond to obtain the solutions u(r!; ﬂ}‘,yZ), defined in Section 2.1.
Third, we restricted the generated samples to the weekly time window,
coherently with the X, training set (3). We train our PINN for 7500
epochs using the Adamax optimization algorithm, with a learning rate
of 0.001. The neural network is trained with the same batches of 100
training, validation and collocation points, with train size = 0.9.

All of these parameters and synthetic data choices are chosen ac-
cording to plausible scenarios of rapidly transmitted respiratory in-
fection spreading, while trying to generalize them to better train our
neural network, increasing its generalization capabilities. For more
details about the approximation capabilities of the network, including
an out-of-distribution analysis, and the suitability of the training set
showing that the epidemiological parameters inferred from real in-
fluenza data lie well within the training domain, we refer the reader
to Appendix C. Regarding the choice of N, it is intentional and does not
affect the general results of the model, since the SIR dynamics is scale-
invariant for sufficiently large populations. Moreover, we consider N
as an effective interacting population, since assuming the full Italian
population to be susceptible and well mixed would be unrealistic
(see also Appendix D.1 for a sensitivity analysis on N). Similarly,
although the PINN is trained on deterministic synthetic data, with
stochasticity incorporated at the parameter inference stage rather than
at training time, we verify in Appendix D.2 that introducing stochastic
perturbations during training results in no significant improvement
across all evaluation metrics, confirming that the deterministic training
strategy is sufficient. Furthermore, although population conservation
S@®)+I(t)+ R(t) = 1 is not explicitly enforced during training, we verify
in Appendix B that the trained PINN satisfies it within a Mean Squared
Error (MSE) of 10—, confirming that the network implicitly learns to
respect this physical constraint.

3.2. Inference of disease parameters

Parameter estimation is obtained via MCMC, as described in Sec-
tion 2.2. The reference data are Influenza-Like-Illness (ILI) incidence
observations, which are calculated as weekly reported cases per 1000
patients. We rescale it to our reference population of N = 10° (i.e., we
multiply the measured incidence by N /1000).

As the network u (¢, 8, y) outputs normalized S, I, R values, we first
define a function G extracting the corresponding estimated weekly
incidence. We fix a time grid 7; = 75 +7j, j = 0,1,... depending on
an unknown alignment time 7, € [0,600], and define

Ut por) = (W) (5p1s 1) =Y (5 B.1)) - N, ©

where the superscript u(NO) denotes the first output component, i.e., the
estimated value of S.

Parameter estimation now amounts at estimating z,, f,y in G from
the measured incidence data. For this, we consider a rolling time
window of M = 5 weeks of observations, let y,,...,ys be the rescaled
incidence per N people measured in these weeks, and assume

y; ~Poisson(u;), u; =Gy, B, 7). (10)

Epidemics 55 (2026) 100919

i.e., a Poisson distribution which reflects the counting nature of the
epidemiological data, with mean modeled by the PINN-estimated inci-
dence.

We note that if 7, was kept fixed over the entire estimation period
it would correspond to an estimated elapsed time from the epidemic
start, but this would assume an exact, fixed-parameter SIR to exactly
reproduce the whole sequence of data. Since this is an unrealistic
assumption, and since 7 is re-estimated over each M = 5 time-window,
it rather plays the role of a time-alignment factor.

The MCMC algorithm now samples from the posterior distribution

p(zo, By 1Y) o p(y | 79, B,v) - p(7p, B, 7)s 1)

where y = (y;, ..., ys) are the observations, p(y | 7y, 8, 7) is the Poisson
likelihood, and p(z, B,7) is the prior distribution. The corresponding
log-likelihood is
M
logp(y | 79, B:7) = Y. [v;log p; — p; —log I'(y; + 1)] , (12)
j=1
where I'(-) is the gamma function. As mentioned in Section 2.2, we use
uniform and static priors for all parameters, i.e.

B~ U(0.12,045), y~U(1/12,1/25), 1o~ U'(0,400), as)

where the bounds are chosen to encompass biologically plausible
ranges for influenza transmission, in line with the training set choice
(Section 3.1). This choice reflects the rolling-window nature of our
inference framework: parameters are independently estimated at each
forecast round without assuming temporal continuity, and we lack
reliable prior information about the parameter distributions for each
weekly window. In Appendix E.2, we additionally report an analysis
using weakly informative Gaussian priors that lead to quantitatively
similar results.

For each observation window (i.e., round), the MCMC sampling is
performed for 10,000 iterations with initial parameter values set to
(79s B:Vlinir = (200,0.28,0.24), namely, the midpoints of the intervals
in (13). For each round we obtain a posterior from which we discard
the first 9000 iterations as burn-in. We obtain 1000 posterior samples
(i.e., %, £.$) from which we extract summary statistics and do proba-
bilistic forecasting (Section 2.3) by finally converting SIR-INN outputs
— in terms of estimated S, I, and R components — to incidence values,
coherently with the data.

We further remark that the choice of 10,000 iterations is robust:
extending to 50,000 iterations does not substantially affect the re-
sults (Appendix E.1).

All these steps are implemented using the Python package Pymcm—
cstat, version 1.9.1 (Miles, 2019), that can run MCMC on any model
implemented by a Python function, which in our case is simply the
pre-trained physics-informed neural network implemented in PyTorch
(version: 2.6.0).

3.3. Epidemiological data

We used seasonal influenza national data provided by the Italian
National Institute of Health (ISS) (Istituto Superiore di Sanita, 2020)
through the RespiVirNet surveillance system. These consist of weekly
ILI incidence observations reported by sentinel doctors at both na-
tional and regional levels (with the exception of the Valle d’Aosta
and Calabria regions for the season 2023-2024), starting from the
season 2003-2004 to the most recent, 2024-2025. In particular, we
perform simulations for both the seasons 2023-2024 and 2024-2025,
with influenza surveillance running from November to May, starting
from week 42 in a given year and continuing until week 17 of the
following year. All data is publicly available on GitHub at: RespiVirNet,
2020 (2020).
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3.4. Forecasting evaluation metrics

We evaluate our SIR-INN framework forecasting performances using
several metrics, employed and described in detail in Fiandrino et al.
(2025). Further details are provided in Appendix G.

Absolute Error (AE). It is computed as the absolute value of the differ-
ence between the median forecast and the actual corresponding value.
The Mean Absolute Error (MAE) is the average of the AE over different
time steps. We also implemented it by averaging for all the forecasting
time windows.

Weighted Interval Score (WIS). It is an approximation of the Continuous
Ranked Probability Score (CRPS) (Bracher et al., 2021) that evaluates
both the accuracy of the forecast median solution and of the prediction
intervals in containing the actual observations. The metric is defined for
a given prediction interval of a model forecast, generalizing the interval
score to multiple prediction intervals. We refer to Appendix G for the
exact choice of the corresponding parameters.

Coverage. It measures the calibration of a model and is defined as the
fraction of times a prediction interval contains the actual data. Notice
that in a well-calibrated model, the coverage values should closely
match the nominal levels of the predictive intervals. For example,
observations will be included exactly 90% of the time in the prediction
interval 90%. We also computed the coverage for both the 50% and
90% prediction intervals of our forecasts.

4. Results

As discussed in Section 3.3, to validate our methodology we focus
on disease forecasting using national data from the Italian influenza
surveillance. In particular, to increase both the complexity and the
relevance of the task, we put ourselves under the same conditions as the
teams that participated in the Influcast Hub challenge 2023-2024 (In-
fluCast, 2025). Specifically, we perform four weeks ahead forecasting
simulations, as outlined in Section 4.2.1, and we employ the same
validation metrics adopted in Fiandrino et al. (2025) to ensure a fair
comparison between our model and all the models of the participating
teams. For the corresponding quantitative results, we refer to Sec-
tion 4.2.2. Moreover, in Section 4.1 we show the results on parameter
inference obtained by our model using a methodology MCMC. In
addition, in Section 4.2.3 we analyze the performance of our approach
in a long-term forecasting task. All experiments were carried out us-
ing data from two different influenza seasons (years 2023-2024 and
2024-2025), to illustrate the ability of our SIR-INN hybrid methodol-
ogy to generalize across different epidemic scenarios without retraining
the neural network.

4.1. Parameters inference results

As explained in Section 3.2, after we have selected an ideal size for
the observation time window, M = 5, we perform an MCMC simulation
(i.e., round) every time we observe new data, in a rolling-window
manner. For example, at week 51, we use five data points from the
weeks 47-51 to estimate the parameters that best align the SIR-based
PINN output to the observed ILI incidence in this window. In line
with the Influcast Hub, we performed simulations starting with four
weeks of observation (also for the 2023-2024 influenza season) and
considering retrospective weekly updates of past observations, as the
system provides new surveillance data. In the end, the total number of
simulations is equal to the total number of observations (i.e., the total
number of weeks in a season) minus four, which is 24 for both seasons.
Note that for the first simulation we used only four observations, as
they are the only available.

Figs. 2 and 3 show the posterior distributions (specifically, the 1000
posterior samples of the chain tails) of the estimated parameters j, 7, %
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and the posterior distributions of R, for all simulations (that is, weeks),
for the season 2023-2024 and 2024-2025, respectively. From the plots,
we observe that the overall median values of the parameters are similar
across the two seasons, and their values remained stable as the seasons
progressed. The median disease transmission rates, f, are close to 0.30
and the median removal rates, y, are (slightly lower) close to 0.27
day~!, leading to an average R, equal to 1.13, for the 2023-2024
influenza season, and to 1.14, for the 2024-2025 (see Figure A.7
and the relative section for additional information). Regarding the
observation alignment time, %,, its median throughout the weeks is
close to day 300, both for the 2023-2024 and 2024-2025 seasons.

For each epidemic week, fixing a posterior sample, the effective
reproduction number R,, coherently with the definition given in Sec-
tion 2.1, is computed as:

Ry= Ry -u) Gyoy, B.9) 14)

where R, = f/7 is the estimated basic reproduction number, and
ugg)(f'M_l,ﬂA, 7) is the SIR-INN predicted susceptible fraction of the pop-
ulation at the current time #,,_; = £, + 7 - (M — 1) (see Section 3.2),
depending on the observation alignment time %, estimated from the
corresponding posterior sample.

Regarding R,, the results are consistent with the expected epidemic
dynamics for both seasons. While in 2023-2024 the ILI incidence
peaked at weeks 51-52, in 2024-2025 the peak arrived a month later,
at weeks 4 and 5. For the first season (Fig. 2), both the posterior median
and the interquartile range (IQR) remain above the epidemic threshold
R, = 1 up to week 52, indicating sustained transmission, while at week
1 the median reaches R, ~ 1 and from week 2 onwards both the median
and the interquartile range fall below the threshold, suggesting that the
outbreak had entered the decline phase. A similar pattern is observed
for the 2024-2025 season (Fig. 3), although the growth phase is more
prolonged: the posterior median stays above R, = 1 up to week 4, the
median reaches the threshold at week 5, and from week 6 onwards
both the median and the interquartile range lie below 1. However,
during the early weeks of this season, the posterior distributions exhibit
greater uncertainty, with the interquartile range crossing the threshold
R, = 1 from below, reflecting a less definitive signal of epidemic growth
compared to the 2023-2024 season. Overall, the temporal evolution
of R, across both seasons is coherent with the observed ILI incidence
curves, capturing the transition from the epidemic growth phase to the
declining phase with epidemiologically plausible timing.

For the same analysis performed with a chain of length 50,000,
please refer to Appendix E.1.

Even if the best parameter values are re-estimated every week, as
new surveillance data are reported and previously published data are
updated, our model consistently identifies a narrow range of plausible
values that remain almost constant across the season. The largest
fluctuations are observed for the estimated %,, which the model adjusts
to capture the temporal dynamics of the outbreak, which were different
in the two seasons, as we highlighted before.

Figure C.11 shows that the posterior medians of these inferred
parameter pairs (f,7) fall well inside the training parameter area,
demonstrating that our choice for the ranges of the training parameters
was appropriate. Furthermore, the parameter values of § and # fall
in line with the typical values measured for seasonal influenza. In
particular, an average infectious period of about 4 days (y = 0.25
day~1), and a basic reproductive number of R, ~ 1.2 correspond to
the traditional estimates of these parameters for seasonal flu (Carrat
et al.,, 2008; Biggerstaff et al., 2014). The values of the estimated
parameters and their stability between weeks are encouraging, even if
this does not necessarily imply a global epidemiological identifiability
and interpretability. Thus, although this is not explicitly enforced, we
see that the data and the structure based on SIR allow the model to
effectively learn the epidemiological role of the two parameters, # and
7.
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Fig. 2. Behavior of the SIR-based model parameters estimated via MCMC — 2023-2024 Italian seasonal influenza. Posterior distributions of the inferred parameters
f, transmission rate, 7, recovery rate, %), observation alignment time, and R,, effective reproduction number, across epidemic weeks. Each box represents the
interquartile range (IQR, 25th-75th percentile), with whiskers extending to the 5th and 95th percentiles; the orange horizontal line within each box denotes the
weekly posterior median. The dashed line in the panels for f, 7,7, indicates the overall posterior median across all weeks. For R,, the solid horizontal line marks

the threshold R, = 1, separating epidemic growth (R, > 1) from decline (R, < 1).

4.2. Forecasting results

From the results derived from the estimation of f,y, and 7, pa-
rameters via MCMC, we obtain Markov chains, referred to each time
window of observations (i.e., round). Hence, we perform probabilistic
forecasting in the form of quantiles with prediction intervals based on
model outcomes, on each evaluation window, defined as the union
of the observations time window and the forecast time window. In
particular, for each MCMC chain we select 1000 tail samples to draw
from the posterior, then we evaluate our model on these samples,
computing the quantiles as measures of uncertainty.

4.2.1. Four-weeks-ahead forecasting

In a first set of experiments, we generate forecasts four weeks ahead,
according to the Influcast Hub forecasting standards (InfluCast, 2025).
This means that, similarly to the parameter inference experiments, we
update our forecasts each time the epidemic curve is updated with a
new observation, removing the oldest one within a time window of five
data points. We consider a fixed size of four weeks for the forecast time
window. Note that for the last four simulations, we forecast on a shorter
time window since we do not have any other future observations to
compare with.

Figs. 4 and 5 show the results for nine representative time windows
and for the 2023-2024 and 2024-2025 seasons, respectively. Note
that the error bars and the mean results of SIR-INN start from the
last reported incidence observation since our methodology based on
PINN produces uncertainty throughout the evaluation window. The
complete results obtained considering all the time windows are shown
in Appendix A, Figure A.8, for the 2023-2024 season, and in Figure
A.9, for the 2024-2025 season.

In the 2023-2024 influenza season (Fig. 4), we can see that SIR-
INN is fairly accurate in the initial phase of the outbreak, despite the

inherent challenges associated with the limited number of observations
available at that stage. However, the forecast tends to underestimate
the observed incidence in this initial period, as shown by the fore-
casts at weeks 46 and 48. As the peak time approaches in weeks 51
and 52, we can see that the error bars become larger and the 90%
percentile interval contains the current data and almost all of the
following four observations. In particular, at week 50 the model almost
correctly identifies the occurrence of the peak, which is the most critical
and challenging phase, even if the actual incidence value is slightly
underestimated. The declining epidemic phase that follows the peak
is well predicted by SIR-INN, in its initial phase (week 2). However,
as the outbreak fades, our model rapidly begins to underestimate the
real observations, forecasting a swift extinction of the newly reported
cases. The forecasting accuracy increases again in the final phase of the
season, as the curve approaches the baseline values once more (weeks
8-10).

The results for the 2024-2025 season (Fig. 5) show an increased
forecasting accuracy, compared to the previous year. The early out-
break phase, the peak time, and the decreasing phase are consistently
estimated with good accuracy. In particular, the crucial forecast of the
peak time is improved with respect to the results of the 2023-2024
season. The peak incidence is slightly underestimated when projected
from week 2, and slightly overestimated at week 4. The predicted
peak time in both cases is nearly identical to the real one, and the
general trend is well captured by our model. However, at week 50,
we can see that our model is unable to accurately predict the later
increase in the ILI incidence curve. Nevertheless, it seems to be able
to predict the constant trend of the subsequent two weeks and with
90% interval a possible increasing of the incidence function. Indeed,
by week 52, the model appears surprisingly to infer that the current
peak may represent only a relative infection peak, thus anticipating a
potential subsequent rapid increase in incidence. For the peculiarity of



M. Rama et al.

Epidemics 55 (2026) 100919

B Y
10T = = Overall median = 0.28 107 = = Overall median = 0.25
Posterior distribution (IQR) Posterior distribution (IQR)
0.8 = Median 0.8 = Median
% 0.6 0.6
£ BLLILRIAA] TT”T”H TTT{T ! RRLLLRLREITIR0ELER] L1 LS
I L L LLLLd [T hdd]]LL T e B e i T el
o2 lJ.J.J-J.J.J'lj.J.J.J.ll lllll 2 lJ.J.J-J-J.J'J.J.J.J.J.lJ.J_J-J. I'T§ lll
0.0+ T u y T T T T T T T T y T 0.0+ y T T T
43 45 47 49 51 1 3 5 7 9 11 13 15 17 43 45 47 49 51 1 3 5 7 9 11 13 15 17
{'0 RAt
0007 — = Overall median = 305.19 — Ri=1
Posterior distribution (IQR) 1.4 Posterior distribution (IQR)
500+ == Median === Median
%400« TT]’ [ 1 ]_ TT]' 121 ]__[T
5 [ T——T”” Iy U. _l.¢ TllllllTT—TTT
g 300 — —[1—:_—1— —I'_-_—_—_—I— —_—_"-'— T —l—l-l—l ' 1.0 l 11T el S S A A {{lll 11 ll%}}
£ 200 ll | lHlITllll ol lllTIll
100
0.6
0 4‘3 4‘5 4‘7 4‘9 5‘1 1 é _;) % é 1’1 1‘3 1‘5 1'7 4‘3 4‘5 4‘7 4‘9 5‘1 i é _;: % é 1‘1 1‘3 1'5 1‘7
Week Week

Fig. 3. Behavior of the SIR-based model parameters estimated via MCMC — 2024-2025 Italian seasonal influenza. Posterior distributions of the inferred parameters
f, transmission rate, 7, recovery rate, %), observation alignment time, and R,, effective reproduction number, across epidemic weeks. Each box represents the
interquartile range (IQR, 25th-75th percentile), with whiskers extending to the 5th and 95th percentiles; the orange horizontal line within each box denotes the
weekly posterior median. The dashed line in the panels for f, 7,7, indicates the overall posterior median across all weeks. For R,, the solid horizontal line marks

the threshold R, = 1, separating epidemic growth (R, > 1) from decline (R, < 1).

this first less pronounced peak of infection, weeks 49-52 are the most
challenging predictions that are still in line with most of the forecasts
reported on the Influcast platform (InfluCast, 2025). Finally, our model
effectively captures the decreasing phase of the outbreak. This clearly
emerges from the forecasts at weeks 6 and 8, where the SIR-INNN mean
value, represented by the green line, almost perfectly fits the unseen
observations, and the 50% percentile intervals contain almost all the
data. Only the latest observations are slightly underestimated by our
model, as shown by the results at week 10.

Table 1 describes the forecast performance of our model compared
to the baseline, which is used as a reference model in Fiandrino
et al. (2025), for both seasons. The results are obtained from national-
level four-weeks-ahead forecasting using several metrics, aggregating
forecasts from all rounds and all the horizons. The number of rounds
represents the number of simulations considered for evaluation. In line
with the Influcast hub challenge (InfluCast, 2025), we considered a
total number of 20 rounds for the 2023-2024 season, starting the
first four-weeks-ahead forecasting from the 46th week of 2023 and
finishing with the last forecast simulation at week 13th of 2024. For
the 2024-2025 season, we began to evaluate the performances of the
simulation whose last observation corresponds to the 45th week of
2024. The number of horizons considered for the evaluation is four,
corresponding to the size of the forecast time window. A detailed
description of the evaluation metrics is reported in Section 3.4.

From the results shown in Table 1 we can see that, in both seasons,
SIR-INN consistently outperforms the baseline in terms of point forecast
accuracy, as confirmed by lower MAE and WIS values. Specifically, the
MAE of the median forecast decreases from 2.68 to 2.28 in 2023-2024
and from 2.54 to 1.98 in 2024-2025, confirming an improvement in
forecast precision for the 2024-2025 season compared to 2023-2024.
Furthermore, the MAE of the median forecast, the WIS values, and the
coverages of the 2024-2025 season are notably optimal with respect to

Table 1

Forecasting performance of the SIR-INN model, compared to the baseline. The
results are obtained from the four-weeks-ahead forecasting at national level,
across the two influenza seasons, in terms of MAE of the median forecast, WIS,
50% and 90% coverage. Bold values indicate the best performance for each
metric within the corresponding season.

Model Influenza season N. of MAE WIS Cover- Cover-
rounds age 50% age 90%
Baseline  2023/2024 20 2.68 1.90 0.49 0.66
SIR-INN 2023/2024 20 2.28 1.63 0.11 0.39
Baseline  2024/2025 21 2.54 1.71 0.14 0.52
SIR-INN 2024/2025 21 1.98 1.36 0.24 0.58

the baseline as well as the previous season, meaning that the accuracy
of the median forecast and the prediction intervals in bounding the
actual observations is also greater compared to the baseline model.
Moreover, although the coverage values remain somewhat below the
ideal nominal levels, their increase suggests that the model exhib-
ited improved calibration by transitioning from the previous influenza
season to the most recent.

4.2.2. Comparison with Influcast models

Since we performed four-week forecast simulations of Italian sea-
sonal influenza 2023-2024 according to the requirements of the Influ-
cast challenge (InfluCast, 2025), we implemented the same validation
metrics adopted in Fiandrino et al. (2025) to evaluate the accuracy
of our model relative to those of the other teams. Table 2 presents
the aggregated performance, for all rounds and horizons, of all models
under consideration, as in Fiandrino et al. (2025), with the addition
of our model’s performance (last row). Regarding the performance
evaluation of all the Influcast models, the relative values of the MAE
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Fig. 4. Seasonal influenza forecasting four weeks ahead via SIR-INN. The ground truth data, in blue, represent the weekly observations at national level of the
2023-2024 seasonal influenza. The highlighted blue data represent the time window of observations, with fixed length of 5, from which the SIR-based PINN
infers the epidemic parameters and then forecasts on the following four weeks ahead. The mean-model forecasts are represented with green lines and the 50%
and 90% percentile intervals are shaded, respectively, in green and orange error bars. (For interpretation of the references to color in this figure legend, the

reader is referred to the web version of this article.)

of the median forecast and the WIS are computed by comparing pairs
of models that participate in the same forecast round. These values
are then normalized by dividing by the corresponding value of the
baseline model. In addition, these values incorporate both national-
level seasonal influenza predictions and aggregated regional forecasts,
in contrast to national-level results reported in Section 4.2.1. In this
way, each individual model’s result accounts for both regional and
national aggregated outcomes of all other models, and it is expressed
relative to the baseline. Consequently, relative values below 1 indicate
better performance than the baseline, while values above 1 indicate
worse performance. The ensemble model is obtained by combining
all the model forecasts, and it consistently outperforms the baseline
model on all results, as detailed in Fiandrino et al. (2025), which
also provides further information on the single models and evaluation
metrics. Regarding our model results, the relative MAE of the median
forecast and the WIS are computed by comparison with the results of
all other models and normalized by the corresponding baseline values.
Note that SIR-INN’s relative results are evaluated with respect to the
other models, whereas the reverse does not hold, as we did not officially
participate in the challenge. Consequently, the ensemble model also
does not include our model’s predictions. Moreover, the values related
to our model are all derived from national-level predictions, rather than
regional ones.

Taking into account the results of our model, outlined in the last
row of Table 2, the relative MAE and WIS values are close to the
baseline values (1.03 and 0.98, respectively), resulting slightly better
than the baseline in terms of relative WIS, and the overall performance
remains comparable to that of the other models. Specifically, in terms
of relative MAE and WIS, our model outperforms two other models:

Mechanistic-2 (1.86, 1.64), Semi-mechanistic-1 (1.80, 2.14). Addition-
ally, it outperforms Statistical-1 (1.09) and Semi-mechanistic-2 (1.04) in
term of WIS. Regarding the coverage, although the values are below
the ideal nominal levels, our model still compares well with the others.
It performs better than Mechanistic-2 (0.04), Semi-mechanistic-1 (0.06),
and similarly to Statistical-2 (0.11), for the coverage 50%. Furthermore,
in terms of coverage 90%, SIR-INN improves over Mechanistic-4 (0.37),
Semi-mechanistic-1 (0.27), Semi-mechanistic-2 (0.30), and Statistical-2
(0.31). In summary, our model shows overall performance in line with
the participating Influcast models (InfluCast, 2025), usually ranking
above the bottom three. This suggests that its implementation could
positively contribute to the prediction of future seasonal influenza
epidemics when included in the ensemble forecasts.

4.2.3. Ten-weeks-ahead forecasting

In addition, we analyze the performances of our SIR-INN on long-
term forecasting. The experimental setup is identical to the one imple-
mented for the short-term forecasts, with the only difference being a
different size for the forecasting time window. In this case, we select a
range of ten weeks instead of four weeks.

The results for the 2023-2024 season obtained considering four
consecutive time windows of observations during the peak phase are
shown in Fig. 6. For the results of the 2024-2025 season, see Figure
A.10, in Appendix A.

The results of the 2023-2024 influenza season, shown in Fig. 6,
illustrate how our model is able to partially capture the epidemic trend
beyond the short-term horizon in this delicate phase, although without
providing a fully accurate estimate. In particular, at week 50, two
weeks before the peak, all the future ten unknown incidence values
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Fig. 5. Seasonal influenza forecasting four weeks ahead via SIR-INN. The ground truth data, in blue, represent the weekly observations at national level of the
2024-2025 seasonal influenza. The highlighted blue data represent the time window of observations, with fixed length of 5, from which the SIR-based PINN
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Table 2

Forecasting performance of the SIR-INN model compared to Influcast models. The results are obtained from the four-weeks-ahead
forecasting at national level in terms of relative MAE of the median forecast, relative WIS, 50% and 90% coverage.

Model N. of rounds Relative MAE Relative WIS Coverage 50% Coverage 90%
Mechanistic-1 19 0.56 (1st) 0.54 (1st) 0.75 0.89 (1st)
Mechanistic-2 20 1.86 1.64 0.04 0.49
Mechanistic-3 20 0.58 (2nd) 0.58 (3rd) 0.47 (3rd) 0.70 (3rd)
Mechanistic-4 19 0.73 0.73 0.16 0.37
Semi-mechanistic-1 16 1.80 2.14 0.06 0.27
Semi-mechanistic-2 14 0.84 1.04 0.19 0.30
Statistical-1 20 0.99 1.09 0.17 0.43
Statistical-2 19 0.77 0.85 0.11 0.31
Ensemble 20 0.59 (3rd) 0.57 (2nd) 0.51 (1st) 0.80 (2nd)
Baseline 20 1.00 1.00 0.49 (2nd) 0.66
SIR-INN 20 1.03 0.98 0.11 0.39

fall within the 90% percentile interval. In all scenarios depicted in Fig.
6, the forecast curve exhibits a broader shape relative to the curve
derived from interpolated observations, tending to underestimate the
data points before the peak and, conversely, overestimate the observa-
tions once the peak has passed. The peak time is consistently predicted
later than the actual one, although the discrepancy remains within
a maximum of four weeks. Notably, shortly after the epidemic peak
(week 1), the model rapidly adapts to the changing dynamics, being
able to provide accurate longer-term forecasts of the declining phase
of the incidence curve, with relatively narrow prediction intervals.
Even in the case of long-term forecasting, the results presented in
Appendix A, Figure A.10, are better for the 2024-2025 season than
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for the 2023-2024 one. The 90% prediction interval contains almost
all observations for the peak scenarios and, at week 5, immediately
after the peak, almost all the observations fall within the narrow 50%
percentile interval, proving again the ability of the model to quickly
adjust its predictions. In addition, the model’s ability to predict the
maximum ILI incidence increases as the epidemic peak approaches.

5. Discussion

In this work, we have introduced a novel framework for epidemic
forecasting, namely SIR-INN, based on PINNs. Specifically, we endowed
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Fig. 6. Seasonal influenza forecasting ten weeks ahead via SIR-INN. The ground truth data, in blue, represent the weekly observations at national level of the
2023-2024 seasonal influenza. The highlighted blue data represent the time window of observations, with fixed length of 5, from which the SIR-based PINN
infers the epidemic parameters and then forecasts on the following ten weeks ahead. The mean-model forecasts are represented with green lines and the 50% and
90% percentile intervals are shaded, respectively, in green and orange error bars. (For interpretation of the references to color in this figure legend, the reader

is referred to the web version of this article.)

a single neural network with prior epidemiological knowledge, leverag-
ing the well-known SIR compartmental model with constant transition
rates. The neural network has been trained only once on temporal-
epidemic domains close to realistic epidemic scenarios. In this way,
starting from a limited set of noisy observations, our PINN is able to
infer, via MCMC, the parameters that characterize a SIR-based epidemic
dynamics. Following this inference step, we used our PINN to forecast
the dynamics of epidemics in future time windows.

We used national data from the Italian seasonal influenza surveil-
lance, provided by the Italian National Institute of Health (ISS) (Istituto
Superiore di Sanita, 2020), as done by previous studies on influenza
forecasting (Zhang et al., 2015; Perrotta et al., 2017; Brownstein et al.,
2017). Our results, obtained from a direct application of the framework
to national data from the influenza seasons 2023-2024 and 2024-2025,
confirm the good forecasting abilities of our hybrid methodology.

Despite differences in weekly observations and predictions of as-
sociated parameters, our results indicate that both seasonal influenza
outbreaks showed similar epidemiological characteristics in terms of
transmissibility and average infectious period. Such epidemiological
features are shown to be underpinned by a SIR model, with disease
transmission rate and removal rate values piecewise constant close to
0.3 and an average basic reproduction number R, of approximately
1.135. Furthermore, the temporal evolution of the effective reproduc-
tion number R, confirmed consistent epidemic dynamics across both
seasons, with R, exceeding the threshold of 1 during the growth phase
and declining below it at epidemiologically plausible turning points,
coherently with the observed ILI incidence curves.

We then performed four-week-ahead forecasting simulations based
on inferred parameters, employing the same validation metrics adopted
by Fiandrino et al. (2025). From the qualitative results, we can see that
for the 2023-2024 influenza season, and especially for the 2024-2025
season, the mean forecasting solutions during the early period and the
decreasing stage are often fairly accurate. This is particularly relevant
considering that providing accurate forecasts during the early phase
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of an outbreak is challenging, primarily due to the limited number of
available observations, which are often noisy. Even more challenging
is the estimation of the incidence peak. Although the model does not
achieve high accuracy in forecasting the season peak, it appears to an-
ticipate its occurrence reasonably well. In general, Figs. 4 and 5 suggest
that our model is more effective in capturing the temporal pattern of
the influenza season 2024-2025. This impression is also confirmed by
the results in Table 1, which reports the MAE of the median forecast,
WIS, and 50% and 90% coverage for both seasons. In general, our SIR-
INN framework appears to outperform the baseline used as a reference
model in Fiandrino et al. (2025), particularly in terms of MAE and WIS
for both the seasons, and also in terms of coverages for the 2024-2025
season. This makes our model a possible competitive alternative to the
baseline for seasonal influenza forecasting. These findings are also sup-
ported by the results of the seasonal influenza forecast for 2023-2024
presented in Table 2, where all models participating in the Influcast
four weeks ahead forecast challenge (InfluCast, 2025) were compared
to ours. These results show that the performances of our model are
comparable to those of current state-of-the-art models. In particular,
the SIR-INN performs better in terms of the relative WIS, thereby
demonstrating the accuracy of the prediction with respect not only to
the median outcome but also to the prediction intervals. In summary,
these results suggest that our framework could meaningfully enhance
the forecasting of successive seasonal influenza epidemics, increasing
the ensemble’s predictive performance.

In addition, in Section 4.2.3, we analyze the performance of our
model in long-term forecasting, specifically ten weeks in advance. In
Fig. 6 and Figure A.10, we can see that although the influenza season
is in its most challenging phase — peak estimation — and only a
few observations are available, our model is able to partially capture
the epidemic trend. This is particularly relevant considering that long-
term forecasting often fails when using fully data-driven and neural
network-based approaches (Rodriguez et al., 2024; Ye et al., 2025).



M. Rama et al.

To further contextualize these results, we conducted an additional
comparison with a classical mechanistic SIR model and a hybrid PINN-
ODE pipeline, reported in detail in Appendix F. The comparison shows
that the proposed SIR-INN framework achieves competitive perfor-
mance across all metrics, and in particular outperforms both the fully
mechanistic and hybrid mechanistic versions in terms of MAE and
WIS, while maintaining a significantly lower computational cost. These
findings suggest that the relative advantages of fully mechanistic, fully
neural, and hybrid approaches may depend on the specific forecasting
context, including the epidemic phase, the forecast horizon, and the
evaluation metric.

Together, these findings align with what is increasingly emphasized
in the forecast epidemiology literature. Adopting a hybrid approach
that integrates the mechanistic understanding of disease transmission
with the learning and generalization capabilities of neural networks ap-
pears to be a promising direction to improve forecast performance (Ro-
driguez et al., 2024; Ye et al., 2025; Qian et al., 2025). The developed
framework allows us to benefit from both approaches, thus maximizing
forecasting capabilities in both short-term and long-term predictions.
On the one hand, to preserve the underlying dynamic structure of in-
fluenza transmission, we use the simplicity of the SIR model, supported
by theoretical studies, with fixed epidemiological parameters. On the
other hand, the neural network component allows us to exploit data-
driven patterns, improving the flexibility and generalization ability of
the model (Raissi et al., 2019; Rodriguez et al., 2024). Furthermore,
we take additional advantage of the hybrid nature of the framework by
implementing an MCMC method, separately from the neural network,
to automatically capture the temporal variability of the SIR parameters
through independent local estimation at each forecasting round. While
this rolling re-estimation allows the model to rapidly adapt to the
changing dynamics, it also implies that the inferred parameters should
be interpreted as locally consistent approximations rather than global
epidemiological constants characterizing the full season. Our results
suggest that even complex epidemic dynamics may reflect a simple,
shared mathematical structure that deserves consideration in purely
Machine Learning (ML)-based forecasting models (Ye et al., 2025).

The resulting framework, despite the combination of diverse and
potentially complex hybrid components, remarkably preserves sim-
plicity, explainability, efficiency, and cost-effectiveness. Our SIR-INN
consists of a single neural network trained only once on synthetic
data, in contrast to the majority of machine learning (and hybrid)
approaches for epidemic forecasting (Kharazmi et al., 2021; Rodriguez
et al., 2023; Millevoi et al., 2024; Qian et al., 2025). This makes the
method highly flexible and generalizable. The neural network does
not require retraining each time a new observation is available or
when a new influenza season occurs. The SIR-INN framework also
allows us to obtain parameter distributions independently of the neu-
ral network training, thereby eliminating the need for retraining it
while allowing for the quantification of forecast uncertainty. Perform-
ing Uncertainty Quantification (UQ) is essential in epidemiological
forecasting, as it contributes to model robustness and supports more
reliable decision-making in public health. Given the inherent variability
and noise of epidemiological data, capturing forecast uncertainty is
necessary to avoid overconfidence and misinterpretation of the model
output (Funk et al., 2019; Bracher et al., 2021; Sherratt et al., 2023).
However, in neural network-based approaches where the output is a
single trajectory, incorporating this uncertainty remains challenging
and is therefore still rarely implemented in the current literature (Linka
et al., 2022; Shi et al., 2025). Our work can be seen as an initial and
promising attempt toward incorporating uncertainty into forecasting
within this class of hybrid approaches. However, further work is still
needed in this direction. The model recurrently exhibits overconfi-
dence, resulting in overly tight percentile intervals and consequently
underperforming in terms of coverage. This behavior is less pronounced
around the peak phase, where wider predictive intervals reflect the
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inherent difficulty of peak estimation, ensuring greater reliability. Nev-
ertheless, this represents a relevant shortcoming that should be taken
into account when interpreting the probabilistic forecasts.

In summary, our proposed framework, namely SIR-INN, provides an
efficient and accurate surrogate for learning epidemiological models,
enabling less costly forecasting while maintaining both generalizability
and accuracy, even in long-term predictions. Given its simple design,
the model offers valuable insight into more efficient and interpretable
implementations of hybrid models for forecasting other dynamical
systems with uncertainty quantification. A natural and immediate ex-
tension of this work is its application to other SIR-based epidemic
models. In fact, it would only require retraining the neural network
once after selecting parameter ranges that are better aligned with
the specific disease under study. Furthermore, an interesting direction
for generalization is the prediction of epidemics coupled with human
behavior changes. In such cases, the individual approaches — the
mechanistic modeling and the neural network component — remain
limited by their partial perspectives on the system, failing to benefit
from one another during the forecasting process. In conclusion, our
work represents an initial step toward an increased integration of
Al tools with mechanistic epidemic models to improve forecasting
approaches and contributes to the establishment of new standards in
hybrid modeling.
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