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Design and evaluation of timely and adapted sanitary control measures requires:
— efficient monitoring tools based on sound epidemiological model,
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—> reliable confidence levels through credibility intervals.
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Design and evaluation of timely and adapted sanitary control measures requires:
— efficient monitoring tools based on sound epidemiological model,
—> robustness to low quality of the data, i.e., capacity to handle reporting errors,

—> reliable confidence levels through credibility intervals.

Key indicator: reproduction number Ry (Ferguson et al., 2006, Nature)
“averaged number of secondary cases generated by a typical contagious individual"

— relaxed into an effective time-varying reproduction number R; at day ¢t
R: > 1: exponential increase of infections (Cori et al., 2013, Am. J. Epidemiol.)
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Bayesian framework for viral epidemic modeling

Epidemic monitoring during T days:
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COVID-19 pandemic propagation hierarchical model

Hyperparameter distribution: allow A := (Agr, Ao) to explore many values
product of independent conjugate gamma priors G (ar, Br) ® G(ao, Bo)

ar, ao and Br, fo shape and rate parameters respectively (Abry et al., 2025, /ICASSP)
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—)\R(ﬁR"F HDR+(SH1) — Ao (BO+ ||0||1)+(T+06R — 1)|n)\R+(T+ao — 1)|n)\o

Marginal distribution: 7(R,0|Z,Z) fu@ m(R,0,)\|Z,T)d\
In7(R,0|Z,7) = Z(Z|R O I) + pen(R, O)
with exp(pen(R, 0)) o< (Br + IR +0l1) "7 (5o +[|0]|) "7+’

Gibbs sampler: Markov chain Monte Carlo algorithm targeting 7
Adjusted Proximal-Langevin mechanism PGdual to sample R, O|A
Exact conditional sampling of A|R, O thanks to conjugate priors

(Fort et al., 2023, IEEE Trans. Signal Process.; Abry et al., 2025, ICASSP)
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COVID-19 pandemic propagation hierarchical model

Hierarchical estimates: kmax = 5 - 107 including Kpurn-in = 3 - 107 iterations
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and 95% credibility intervals from 2.5% and 97.5% empirical quantiles
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Scaled-likelihood accounting for model misspecification

Tempered likelihood:
7,(R,0|Z,7) x

1
exp <7£(Z|R, 0,7) + pen(R, O))
14
— unbalances likelihood vs. priors

® y = 1 standard Poisson
® 1 = oo prior distribution

® v > 1 count over-dispersion

In practice: v « std(Z)
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Scaled-likelihood accounting for model misspecification

Markov Chain Monte Carlo algorithm:
Input: Z,¢, 7, v;
1 Parameters: (ag, Br,@0,80), kmax;

exp <7£(Z|R, 0,7) +pﬁ(R,0)) Initialize: (R(®), 0, (@),

v for k=0,1,..., kmax — 1 do

= unbalances likelihood vs. priors # Sample R then O at fixed )\(Rk), AL
R+ o(k+1) 1/—P(3‘rdua1(R(k)7 o, )\g(), )\E)k));
# Sample Ag then \g at fixed R(kT1) Q(k+1)

Tempered likelihood:
7,(R,0|Z,7) x

]

® y = 1 standard Poisson

= jor distributi
) v <1><> prior dis ”df' o A~ G(T + ag, [IDRED 45| 4 Br);
- k
v > 1 count over-dispersion )\E) +1) G(T + ao, ||0(’<+1)|| + Bo);
end for
In practice: v o std(Z) Output: {R() 0K )\g(), )\E)k)}k:l o kma
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. end for IR
In practice: v « std(Z) Output: {R(¥), o(k),)\R Ao Heet

=1,...,kmax

® y = 1 standard Poisson
® 1 = oo prior distribution

® v > 1 count over-dispersion

Proposed v-scaled estimates: kmax = 5 - 107 including kpurn-in = 3 - 107 iterations

1 Kmax kmax

~v-scaled ~w-scaled

R = E RK, z_-0 72—— E otk
k=kpurn-in k Kburn-in

and 95% credibility intervals from 2.5% and 97.5% empirical quantiles

7/13



Data-driven Bayesian estimator for epidemic monitoring
Log-density of (Z,R,0,)): v~ 14(Z|R,0,Z) + pen(R, O, \) with pen(R, 0, )) :=

=AR (Br + [IDR+6]l1) — 2o (Bo + [|O]l1) + (T +ar = 1)InAr + (T + a0 —1)In Ao
including conjugate gamma priors on A = (Ag, A\o) ~ G (aR, Ar) ® G(ao, Bo)
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Log-density of (Z,R,0,)): v~ 14(Z|R,0,Z) + pen(R, O, \) with pen(R, 0, )) :=
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Scaled marginal distribution: In7,(R,0|Z,7) = v~14(Z|R, 0, T) + pen(R, O) with
exp(Pen(R, 0)) o< (Br + DR + 8[11) "% (56 + [|0]|1) ~(T+e0)
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Pascal et al., 2022, IEEE Trans. Signal Process
ao/Bo =5 x 1072 ( & )
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Hierarchical estimator, i.e., v = 1: informative gamma priors on A\
® means ar/fr = 3.5 x std(Z)
O‘O/,BO =5x102

® standard deviations \/agr/Br = 0.02 X (ar/Br). v/@o/Bo = 0.0125 X (ao/Bo)
(Abry et al., 2025, ICASSP)

(Pascal et al., 2022, IEEE Trans. Signal Process)
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Robust estimation of reproduction number credibility intervals
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Robust estimation of reproduction number credibility intervals

counts
@~ o ©

x10*

—Z —7Z-0

~ v—scaled
--®%—2z-0

\!
~ Hicrarchical |/

SMLE = Hierarchical
R —R
= Epikistim Sv-scaled

—R —R

Ly

Aug 22 Sep 05 Sep 19 Oct 03 Oct 17
2020

Sep 06 Sep 08 Sep 10 Sep 12 Sep 14

R 2020
India

counts
-
S

2
Qo

=

counts
N

x10*

Feb 28  Mar14 Mar28 Aprll  Apr25
2021
x10*

Apr12  Apr14  Aprl16  Aprl18  Apr20
2021

Germany 9/13



Robust estimation of reproduction number credibility intervals
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Convergence and robustness to the selection of the scale parameter

Absolute value of autocorrelation averaged across the T components:

o RO = (R 4 1)/2, OF) = (2, — REZEm0,) /2

* A\ = ar/pr
A0 — ao/80
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Convergence and robustness to the selection of the scale parameter

value of autocorrelation averaged across the T components:

Absolute
o R = (RE=" 1 1)2, 0F = (2, - RE="0,) /2
) i% i o/ e ' ‘ == ACF of R-chain
o =ao/Bo S — ACF of O-chain
- I

Area covered by reproduction number credibility intervals
® averaged over 10 runs of the Gibbs sampler
® accompanied with 95% Gaussian confidence intervals
India Germany France

EpiEstim (Cori et al., 2013, Am. J. Epidemiol.) 0.4 1.1 0.4 0.8
Hierarchical (Abry et al., 2025, ICASSP) 0.6 £0.0* 21+0.0® 1.4+0.1 0.940.0*

South Korea

v-scaled

v = 0.025 x std(Z) 76+£01 183+0.2 226+04 226+1.0

* 95% confidence intervals smaller than 0.1
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Convergence and robustness to the selection of the scale parameter

value of autocorrelation averaged across the T components:

Absolute
o RO = (REE™™ 4+1)/2, 0O = (Z: - R{F™"",)/2
e 2O =g
R R/ B ! ~ = ACF of R-chain
Ao’ = ao/fo 05f — ACF of O-chain
e x 101
0 2 4 lags © 8 10

Area covered by reproduction number credibility intervals
® averaged over 10 runs of the Gibbs sampler
® accompanied with 95% Gaussian confidence intervals
India Germany France

EpiEstim (Cori et al., 2013, Am. J. Epidemiol.) 0.4 1.1 0.4 0.8
Hierarchical (Abry et al., 2025, ICASSP) 0.6 £0.0* 21+0.0® 1.4+0.1 0.940.0*

South Korea

v-scaled
v = 0.0125 x std(Z) 72+0.1 182+0.7 215403 22141.2
v = 0.025 x std(Z) 76+0.1 183+02 226+04 226+1.0
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Convergence and robustness to the selection of the scale parameter

Absolute value of autocorrelation averaged across the T components:

o RO = (R 4 1)/2, OF) = (2, — REZEm0,) /2

o 2O = ag/Br
0 /P ! ‘ - = ACF of R-chain
Ao’ = ao/fo 05f — ACF of O-chain
[ e e XY S x10%
0 2 4 lag s 6 8 10
Area covered by reproduction number credibility intervals
® averaged over 10 runs of the Gibbs sampler
® accompanied with 95% Gaussian confidence intervals
India Germany France South Korea
EpiEstim (Cori et al., 2013, Am. J. Epidemiol.) 0.4 1.1 0.4 0.8
Hierarchical (Abry et al., 2025, ICASSP) 0.6+0.0* 21+00* 1.4+£01 09+£0.0%
v-scaled

v = 0.0125 x std(Z) 724+01 182407 215+03 221+1.2
v = 0.025 x std(Z) 76+£01 183+0.2 226+04 226+1.0
v = 0.05 x std(Z) 82+0.1 19.0+06 234+06 226+0.8

* 95% confidence intervals smaller than 0.1 11/13




Contributions and take home messages

® Bayesian modeling of epidemic propagation accounting for low quality counts
® |ntroduction of a scale parameter v to account for count over-dispersion

® Efficient original Gibbs sampler adapted to the hierarchical model

® Uncertainty quantification through estimation of credibility intervals

® Robustness of the estimates to model misspecification
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https://github.com/gfort-lab/OpSiMorE/tree/master/FullBayesianGammaPrior

Contributions and take home messages

® Bayesian modeling of epidemic propagation accounting for low quality counts
® |ntroduction of a scale parameter v to account for count over-dispersion

® Efficient original Gibbs sampler adapted to the hierarchical model

® Uncertainty quantification through estimation of credibility intervals

® Robustness of the estimates to model misspecification

Accurate estimates and trustworthy credibility intervals = usable by nonspecialists

» improvement in accuracy compared to reference methods
» more realistic credibility intervals than previously designed Bayesian estimates
» quantified convergence of the MCMC algorithm and robustness to choice of v

Matlab toolbox publicly available at github.com /gfort-lab/OpSiMorE
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Future work and perspectives

» Decoupling of the stochastic pathogen propagation and administrative noise

13/13


https://optimocsi.cnrs.fr/

Future work and perspectives

» Decoupling of the stochastic pathogen propagation and administrative noise

» Spatiotemporal pandemic monitoring

13/13


https://optimocsi.cnrs.fr/

Future work and perspectives

» Decoupling of the stochastic pathogen propagation and administrative noise

» Spatiotemporal pandemic monitoring: for the moment

— pointwise estimates, not yet uncertainty quantifications

— data-driven inference of the spatial structure

Isolated

[ Cluster 1
I Cluster 2
77> W Cluster 3
I Cluster 4

OptiMoCSI project funded by ANR optimocsi.cnrs.fr
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