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modelling:

Figure 1. Typologie des questions
abordées par ies modeéies.
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Figure 2. Principales catégories méthodologiques de modeles
rencontrés en épidémiologie mathématiques.
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research on an ongoing pandemic
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srovisional death toll
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why did COVID-19 become pandemic
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the natural history of COVID-19
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generation time and serial interval
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computing the pace of the epidemic

BB, is the number of contaminations caused an index case on her/his 7' day of infection

Br1+Pe+...+ P +...= ) B; = Z is the reproduction number
>0
w; =P/ = ) w; =1 defines the generation time distribution
>0
Ve =B1yi-1+ Bayi—2+...+ Bryi—r +...= R Y w:y+—; links incidence y. on day ¢ to those of previous days
7>0

@ — yt/( y yt_IwT] is the estimated reproduction number at time ¢ (as long as y; y};’me)

7>0

An epidemic grows if and only if 2 > 1 (contagiosity)

Assuming asymptotic behaviour, y; = p’yg = Z Y. p "w,; = 1 (EULER-LOTKA equation)
>0

log2/logp =: Ty is the doubling/halving time (speed) Generation

0} 1!
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@

Initial phase of epidemic (R, = 3)
FORM 2009 (CMAJ)



estimating the reproduction number
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1
T o5
0
28 mar. O4aprii 11 april 18 april 25apri 02may 09may 16may 23may 30may O06june 13june 1.3
. . tests
EpiEstim package 1
1 — ) —— hospitalizations
1.1 —— 1CU agmissions
= 05
- —— hospital mortalit
o 1.0 e e — s — s — e — s —
0
28 mar. 04 aprii 11 april 18april 25apri 02may O09may 16may 23may 30may O06june 13june
0.9
Incidence
2 2000 0.8 [ NAT N
2
Z 1000 \,f
c 0.7
S I T T 1 T T | T |
2 28mar. 04 aprii 11april 18apri 25aprii 02may 09may 16may 23may 30may 06june 13june 2021-03-24 2021-04-14 2021-05-05 2021-05-26 2021-06-16
= e
=

Reyné B et al. (2020) Rt2: https://cloudapps.france-bioinformatique.fr/covid19-rt2/



the non homogeneous detection issue

5b. Taux de dépistage
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infering the epidemic curve
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non-Markovian dvnamics

ICU inflow from a 100 critical case cohort
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discrete time modellinc
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model structure

S = susceptible, J = non critical infectious, Y = critical inf.
H = hospitalized critical patient (HCP) group 1,
W = HCP2 (none or short ICU stay), R = recovered (immunized), D = dead

Pif P § \
3 Hi

Y,
<
Ugl E | /

i = age group, A\ = force of infection, 6 = critical illness frequency
n = contamination to hospitalization interval distribution

1 = long-stay ICU frequency among critical cases

p = (HCP1) ICU length distribution, ;x = (HCP1) fatality rate

v = (HCP2) hospitalization to death interval distribution

Sofonea MT et al. (2021) Memory is key in capturing COVID-19 epidemiological dynamics. Epidemics



recurrence relation system

susceptible
non critical inf.  J/; = (1 — ;) \iS; L= Jik—1 (1<k<g)
critical inf. Y,-’:l — Oi\; S; Y,"k = (1 —nk—1) Yik-1 (1 < k< h)
h
HCP1 Hi 1 =%id> mYik k=0 —=pc1)Hixr (1< k<r)
k=1
h
HCP2 Wi =0—v)XmYie Wi=Q-vea)Wir (1<k<u)
k=1
recovered Ri=Ri+Jig+(1— i) puHix
k=1

dead Dj = D; + S_ oW i + i > puHik
k=1 k=1



force of infection

7+ = prevalence of j-individuals infected since 7 days
ki = per capita contact rate ; (; = discretized serial interval distribution

ANi(t)=1/(1+1/ RD::E;;ZZ—%ZGWJ.’T(t)

force of infection

1. .............................................................................................

Ro/N -

O pre-epidemic contact rate

contact rate
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oarametrisation

main input parameter notation | I = being infected ; U= being hospitalized ; B = occupying an ICU bed for
more than a day ; D = dying at the hospital from COVID-19.

basic reproduction number Ro U ! B !
iitiation day (Y Y-MM-DD) to / _
lock-down control (%) K 1 /
critical case contamination to hospitalization E[H] \ o @V Y B

interval expectation (days) “/ 2y / #(a)

(o]

critical case contamination to hospitalization |  V[H] v \ °
interval variance (days?) B

long ICU stay length expectation (days) E[P] ! % ~
critical case hospitalization to death inter- | E[T] ”UOI]D
val expectation (non long-stay ICU patients

(days) A

infection fatality rate correction factor (%) Cr fi(a) =Cup(a) ;v (a) =¢,/ (1 — i (a) + g:{giggﬂ) ;
long-stay ICU fatality rate correction factor Cnm f(a) = —FR(a)__

long-stay ICU frequency correction factor Cy = (1=(a)w(a)




estimation of ke

Inference algorithm : R, mle2 (bbmle package).
Independent count process assumption : X s (¢) ~ 2 (X4im (1)) — MLE and likelihood intervals.
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early forecasting post-lockdown lifting (May 11th 2020)
(data censored after Apr 7th 2020)
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comparison with the Markovian approach
discrete time model vs SEAIR ODE
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counterfactuals: lock-down timinc
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two waves and a hic
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Sofonea MT et al. (2021) Two waves and a high tide: the COVID-19 epidemic in France. Anaesth Crit Care Pain Med



ner capita contact ratio

PCCR ¢ (t) := k; (t) /k; (0), average potentially infectious contacts an
individual has each day, relative to the pre-epidemic baseline.

® proportionate mixing = encounter rate at t of an /- and a J-
individuals o< ¢; (t) ¢ (t),

¢ Cpre-lock — 1,
® Gock = V1 —kKk = 50% [485| 52] %,
® threshold PCCR value corresponding to R =1 is

1
¢ =Ry ? = 58% [56,60] %.

Clock < Cunder ctrl < G < Cout of ctrl < 1.

Sofonea MT et al. (2020) Epidemiological monitoring and control perspectives: application of a parsimonious
modelling framework to the COVID-19 dynamics in France. medRxiv



limited leverage of age-differential control

e three age groups with cut-offs 25 and 65 years old
e all combinations of per capita contact ratio (PCCR) = 50, 58, 62, 65,
75%

cumulative mortality
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the unexplored partial periodic lockdowns

pr = time proportion of relaxed phase ; ¢, ¢, = relaxed, restricted PCCR

goal: maximizing p, and ¢, while R = (P]r‘-'r2 + (L — pr) 5121) Ro =1 40000 -
Rl +r—1
Pr max — > . 350001
¢ +r—1 > : .
= relaxed per capita contact ratio
Esoooo- ¢ o059
2 : 0.65
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I T ‘ ] T Figure 8: Effect of NPI cycle duration on cumulative mortality.

0.6 0.7 0.8 0.9 1.0 We show the cumulative mortality by the end of the year 2020 if a periodic control is imple-
mented from May 12. For each of the four NPI cycle durations, the model is run for four
values for ¢, shown in different colors, with a proportion of time satisfying eq. 3 (truncated to
an integer number of days). For example, in the red scenario, p,max (0.59) = 88%, so for the

the intenSity_duration trade_Oﬂ: weekly cycle the relaxed phase was set to floor (0.88-7) = 6 days.

relaxed per capita contact ratio



adaptive control: illustrative cases
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adaptive control: systematic analvysis
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Fig. 7. Adaptive lock-down analysis

Each point represents a simulation of the model with adaptive lock-down implemented
from May 12 given two input parameters: the lock-down triggering threshold in terms
of daily ICU admissions nationwide and the PCCR during relaxed periods. The values
of these parameters are respectively depicted by the shape and the color of the points,
according to the legend. The abscissa show the median proportion of the time spent
in the relaxed phase of each cycle. The ordinate represents the median final death

toll by the end of the year, along with their 95%-confidence intervals (bars). Sofonea MT (

not published)



nast projections
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vaccine rollout
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oarameter estimates

main input parameter notation | maximum | 95% - likelihood
likelihood | interval
estimates

basic reproduction number Ry 2.99 [2.59,3.39]

initiation day (YY-MM-DD) to 20-01-20 [20-01-12, 20-01-28]

lock-down control (%) K 75.9 [72.9,78.7]

critical case contamination to hospitalization | K [H] 14.5 [13.6,15.4]

interval expectation (days)

critical case contamination to hospitalization |  V[H] 20.0 [11.4,30.9]

interval variance (days?)

long ICU stay length expectation (days) E[P] 16.7 [14.9,18.8]

critical case hospitalization to death inter- | E[Y] 6.63 [6.19,7.10]

val expectation (non long-stay ICU patients

(days)

infection fatality rate correction factor (%) Cr 87.2 [85.8,88.5]

long-stay ICU fatality rate correction factor Cum 100.3 [100.2,100.5]

long-stay ICU frequency correction factor Cy 93.8 [93.0,94.5]

Table S-5: Maximum likelihood estimates and associated 95% - likelihood intervals
for the ten input parameters. Details about the estimation procedure are provided in

section 52.7.




estimates with alternative IFR

main input parameter notation | maximum | 95% - likelihood
likelihood | interval
estimates

basic reproduction number Rao 3.33 [3.16,3.50]

initiation day (YY-MM-DD) to 20-01-22 [20-01-20, 20-01-25]

lock-down control (%) K 77.6 [76.4,78.7]

critical case contamination to hospitalization | E[H] 14.0 [13.7,14.3]

interval expectation (days)

critical case contamination to hospitalization | V[H] 194 [18.2,20.6]

interval variance (days?)

long ICU stay length expectation (days) E[P] 19.2 [18.4,19.9]

critical case hospitalization to death inter- | E[T] | 9.43 [9.20,9.66]

val expectation (non long-stay ICU patients

(days)

infection fatality rate correction factor (%) Cr 62.0 [61.0,63.0]

long-stay ICU fatality rate correction factor Cu 110.0 [74.4,146.0]

long-stay [CU frequency correction factor Cy 100.2 [100.1,100.2]

Table S-6: Maximum likelihood estimates and associated 95% - likelihood intervals
for the ten input parameters using alternative IFR values. Details about the estimation

procedure are provided in section S2.7.
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adaptive control: threshold
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Figure S-8: Adaptive lock-down threshold impact

Each dot represents a simulation of the model with adaptive lock-down implemented from May
12. The abscissa show the lock-down triggering threshold in terms of daily ICU admissions
nationwide. The ordinate represents the median final death toll by the end of the vear, along
with their 95%-confidence intervals. Lock-down lifting threshold variation has negligible impact
on the results (not shown here).
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