
S1 Text – Supporting text 691

S1.1 Text 692

The Gillespie Algorithm 693

In the section “Predicting epidemic behavior”, we discussed that to use Eq. (11) to 694

project the expected behavior of an epidemic outcome Z using the accrued observation 695

Yi at time ti, one needs access to a stochastic simulator to sample from the random 696

variable Z|νi for a given set of parameter values θ. We use the Gillespie algorithm [40] 697

for this purpose. To describe the steps of the Gillespie algorithm, we consider an 698

epidemic model with K compartments (e.g. in the model described in ➜ ”Design of the 699

Performance Analysis”, K = 4). Let ν(t) = (ν1(t), ν2(t), . . . , νK(t)) denote the state of 700

the epidemic at time t, where νk(t) denotes the number of individuals in compartment 701

k ∈ {1, 2, . . . ,K} at time t. 702

The state of an epidemic (i.e. ν(t)) may change due to the occurrence of specific 703

events, such the transmission of the disease to a susceptible or the recovery from the 704

disease. We use Q to denote the number of such events. In the model shown in Fig 3, 705

these epidemic events include Infection, Seeking Treatment, and Recovery (and hence 706

Q = 3). Let Λq(ν(t), θ) denote the rate at which the event q is occurring when the 707

epidemic is at state ν(t) and with parameter values θ that is a transformation of the 708

parameter θ. 709

Note that the stochastic model usually uses a volume dependent transformation of 710

the parameter θ from the ODE model. We do not need this transformation as our ODE 711

description is volume independent. 712

In the model described in ➜– ”Design of the Performance Analysis”, the force of 713

infection is θ1ν
S(t) ν

I(t)
N(t) , the rate of seeking treatment is θ2ν

I(t), and the rate of 714

recovery is θ3ν
T (t), where νS(t), νI(t) and νT (t) denote, respectively, the number of 715

individuals in the compartments Susceptible, Infective, and Treatment (see Fig 3). The 716

Gillespie algorithm proceeds as follows. 717

Assuming that the epidemic is at state v(t) at time t :

1. Calculate the sum of rates: Λ0 =
∑Q

r=1 Λq(ν(t), θ) .

2. Sample the time to the next event: τ ← − 1
Λ0

lnu1 , where u1 is a random
number drawn from a uniform distribution U((0, 1]).

3. Determine the event that just realized: Select the event q̃ such that

q̃−1
∑

q=1

Λq(ν(t), θ)

Λ0
< u2 ≤

Q
∑

q=q̃

Λq(ν(t), θ)

Λ0

where u2 is another random number drawn from a uniform distribution U((0, 1]).

4. Update epidemic state given the realized event r̃.

5. Until a desired time condition is satisfied, increment time t← t+ τ and move to
Step 1.

Figure SI 1. Pseudo-code of Gillespie algorithm for simulating stochastic
compartmental models.

To obtain simulation trajectories displayed in Fig 4 A and Figs S1 Fig A to S8 Fig A, 718
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we use the Gillespie algorithm (Fig SI 1) to simulate the SITR compartmental model 719

shown in Fig 1. 720

These SITR trajectories are used to calculate the number of new diagnoses in week i 721

which is equal to Ti +Ri − Ti−1 −Ri−1. If for a simulated trajectory the conditions on 722

attack rate (30% - 50% for the mild scenario, 50%-70% for the severe scenario and 723

70%-100% for the extreme scenario) and timing of peak (between 10 and 20) are 724

fulfilled, we keep the trajectory for the respective scenarios or we otherwise we reject it. 725

S1.2 Text 726

Equations of the SEITR model 727

The Susceptible - Exposed - Infected - Treatment - Recovered model contains one more 728

compartment than the SITR model, namely Exposed. Disease transmission can be 729

modeled using the following ODE model: 730

d

dt
xS(t) = −k1xS(t)

xI(t)

N(t)
,

d

dt
xE(t) = k1xS(t)

xI(t)

N(t)
− k2xE(t),

d

dt
xI(t) = k2xE(t)− θ2xI(t),

d

dt
xT (t) = θ2xI(t)− θ3xt(t),

d

dt
xR(t) = θ3xT (t)

(17)

where k1 = k2 = 2θ1 and θ1 is the disease transmission rate, θ2 is the rate of seeking 731

treatment while infectious, and θ3 is the rate of recovering. 732

In our analysis, we assume that at time t = 0 one population member becomes 733

infected. The model initial condition can therefore be defined as 734

x0 = (xS(0), xE(0), xI(0), xT (0), xR(0)) = (N − 1, 1, 0, 0). We furthermore assume a 735

constant population size N(t) = xS(t) + xE(S) + xI(t) + xT (t) + xR(t) denote the 736

population size at time t . 737
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S1.3 text 738

Formulas to calculate integrated relative errors (IRE) for different metrics 739

The exact form of fMi|θ(m|θ) of the IREs in Eq. (16) depends on the metric of interest. 740

R0 and duration of infectiousness: For R0 or the mean duration of infectiousness, 741

we have fMi|θ(m|θ) = 1, as R0 and the mean duration of infectiousness only depend on 742

the parameter vector sampled from the posterior πi. 743

Reff: For Reff as the performance target, Mi is defined as Mi = R0
Si

N . As S is the
only state that the target depends on, the function fMi|θ(m|θ) needs to yield the
probability for this state. This is accomplished by integrating over the remaining states:

fMi|θ(m|θ) =
∫

(

ν
(S)
i

,ν
(I)
i

,ν
(T )
i

,ν
(R)
i

)

∈Ωi

Πi

((

ν
(I)
i , ν

(T )
i , ν

(R)
i

)

|Yi; θ
)

Infection prevalence: If the target is the infection prevalence: Mi = ν
(S)
i , the

function fMi|θ(m|θ) needs to yield the probability for this state and, hence, is calculated
by integrating over the remaining states.

f
ν
(S)
i

|θ
(ν

(I)
i |θ) =

∫

(

ν
(S)
i

,ν
(T )
i

,ν
(R)
i

)

∈Ωi

Πi

((

ν
(S)
i , ν

(T )
i , ν

(R)
i

)

|Yi; θ
)

As the I.Poi benchmark does not calculate a belief state for time ti, we use the 744

simulation model to carry out simulations with parameters according to πi(θ|Yi) and 745

consider these simulations as a sample from the belief state Πi. 746

All Predictions: In case of prediction for one week, three weeks (cumulative and
specific) or the attack rate, it holds

fMi|θ(m|θ) = P (m|Yi)

with P as in Eq. (9). 747

Median integrated relative error (mIRE): Next, we will calculate a median
relative error (mIRE) over the 50 trajectories as

mIRE(Mi) = median
(

IRE(M
(1)
i ), . . . , IRE(M

(50)
i )

)

.

S1.4 text 748

Computational Effort 749

As mentioned in the Discussion, the most computationally challenging parts are the 750

ODE system integration for MSS, PF and EnKF and the stochastic simulation for I. 751

Poi. We analyzed the computational time for the severe scenario with a population size 752

of 10000. Carrying out the 1000 stochastic simulations for benchmark I.Poi for the 1000 753

parameters takes about 100 minutes. The additional time for evaluating the likelihood 754

approximation is rather short with about only 1 second, see table 1 for numbers. 755

The computational times are shorter before the peak and longer after the peak, 756

when less or more data is taken into account. The computational time will only vary for 757
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the I.Poi. when changing the population size as the other methods do not require 758

stochastic simulations. 759

We note that the implementation was not carried out in a way to maximize speed, so 760

there is opportunity for additional speed up with more efficient implementation. 761

However, these numbers demonstrate that all the algorithms can be used on a personal 762

computer in real time. 763

Table 1. Computational time for MSS and benchmarks:

time to peak MSS I.Poi. PF EnKF
8 weeks to peak 85.2 ± 32.8 100* min + 0.6 ± 0.3 7.7± 4.1 10.6± 5.9
4 weeks to peak 125.2± 33.2 100* min + 1 ± 0.3 12.5± 4.1 17.8± 6.

at peak 157.6± 31.6 100* min + 1.4 ± 0.3 17.4± 4. 26.4± 6.3
4 weeks after peak 196.2± 33.8 100* min + 1.7± 0.3 22.6± 4. 34.5± 6.6
8 weeks after peak 228.8± 35. 100* min + 2.1± 0.3 27.5± 4.1 41.8± 6.3

Computational time in seconds for the calibration of one time course in average for the
severe scenario in the population with 10000 individuals.
* The 100 min are the computational time to carried out 1000 stochastic simulations for
each parameter with the Gillespie algorithm.
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S1.5 text 764

Pseudo code for the benchmark method A (I.Poi) 765

1. Initialization

(a) Choose an initial prior probability function π0(θ).

(b) Choose the set Θ that includes the values of parameters θ for which the
approximate likelihood function (10) should be calculated.

(c) Set lnL(I.Poi)(Y0; θ)← 0 for every θ ∈ Θ .

2. Calibration: For each observation yi , i = 1, . . . , n ,

(a) Assume P(I.Poi)(·|θ) ∼ Poisson(µi) and use simulated trajectories to esti-
mate the mean µi, for every θ ∈ Θ.

(b) Update the likelihood function: L(I.Poi)(Yi; θ) ← L(I.Poi)(Yi−1; θ) ×
P(I.Poi)(yi|θ) for every θ ∈ Θ .

(c) Update the parameter posterior distribution: πi(θ|Yi) ←
L(I.Poi)(yi|θ) πi−1(θ, Yi−1) for every θ ∈ Θ.

Figure SI 2. Pseudo code for the benchmark method A (I.Poi) [23].
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S1.6 text 766

Pseudo code for the Particle Filter 767

1. Initialization

(a) Choose an initial prior probability function π0(θ).

(b) Choose the set Θ that includes the values of parameters θ for which the
likelihood function (1) should be calculated with the specifications in Eq.
(12) and name the specific likelihood approximation L(PF).

(c) Set lnL(PF)(Y0; θ)← 0 for every θ ∈ Θ .

2. Calibration: For each observation yi , i = 1, . . . , n ,

(a) Calculate the probability P(PF)(yi|Yi−1; θ) for every θ ∈ Θ.

(b) Update the likelihood function: L(PF)(Yi; θ) ← L(PF)(Yi−1; θ) ×
P(PF)(yi|Yi−1; θ) for every θ ∈ Θ .

(c) Update the parameter posterior distribution: πi(θ|Yi) ←
L(PF)(yi|θ) πi−1(θ, Yi−1) for every θ ∈ Θ .

Figure SI 3. Pseudo code for the Particle Filter [27]
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S1.7 text 768

Pseudo code for the Ensemble Kalmann filter 769

1. Initialization

(a) Choose an initial prior probability function π0(θ).

(b) Choose the set Θ that includes the values of parameters θ for which the
likelihood function (1) should be calculated with the specifications in Eq.
(12).

(c) Choose an initial set of particles Ψ. Its elements ψ ∈ Ψ contain values for
the parameters and states: ψ = (θ, ν).

2. Calibration: For each observation yi, i = 1, . . . , n ,

(a) Propagate each particle by setting ψ ← (θ, νprior) with νprior = x(ti −
ti−1, ν; θ).

(b) Calculate the prior for the observations: ψ(y) = ν
(T )
prior +ν

(R)
prior−ν(T )−ν(R).

(c) Calculate the variance σ2
obs,i as in Eq. (13).

(d) Calculate the prior variance of the observed quantity as σ2
prior =

Variance
(

ψ(y)
)

.

(e) Calculate the prior co-variance of the observed quantity and each unobserved
component of the particle ψ as σm = co-variance

(

ψ(y), ψ(m)
)

, where m
denotes the unobserved component.

(f) Update ψ ← σm

σ2
prior

δ with

δ =
σ2
obs

σ2
obs + σ2

prior

ψy
prior +

σ2
prior

σ2
obs + σ2

prior

ỹi

and ỹi = yi + ξi, with ξi ∼ N(0, σ2
obs,i):

(g) Set (θ, ν)← ψ for the next iteration.

Figure SI 4. Pseudo code for the Ensemble Kalmann filter [27].
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S1.8 text 770

Detailed pseudo code for our MSS for SITR 771

1. Input: 772

❼ ODE solution x(t, x0; θ) for an ODE x′ integrated for time t with initial value x0 and parameter θ such 773

as in equation (5). 774

❼ Data set y1, . . . , yn 775

❼ Number of ensemble members Ngrid. 776

❼ Total populations size N . 777

2. Initialization: 778

FOR j=1,. . . ,Ngrid 779

θ(j) =
(

R
(j)
0 ,mdi(j), γ(j)

)

∼ U(R
(range)
0 ×mdi(range) × γ(range)) 780

% Draw a parameter sample from an uninformative prior; mdi - mean duration of infectiousness; 781

% γ - additional parameter for the number of weeks, the epidemics started before the first observation 782

% in our case R
(range)
0 = [1, 3], mdi(range) = [1, 20], γ(range) = [0, 5]. 783

S
(j)
−γ = N − 1 % initialize states 784

I
(j)
−γ = 1 % we assume one infected at start, but no knowledge when epidemic started 785

T
(j)
−γ = R

(j)
−γ = 0 786

ν̂
(j)
−γ =

(

S
(j)
−γ , I

(j)
−γ , T

(j)
−γ , R

(j)
−γ

)

787

L(Y−γ |θ(j)) = 1 788

y−γ = y−γ+1 = . . . = y0 = 0 % auxiliary observations to model the time before the first case 789

END FOR 790

3. Loop: 791

FOR i = −γ, . . . , n % epidemic stared at −γ and data available until n 792

FOR j = 1, . . . , Ngrid 793

% % % Forward integration 794

ν̃
(j)
i = x(ti − ti−1, ν̂

(j)
i−1; θ

(j)) % ODE integration 795

Cov
(j)
i = Σ(ti − ti−1, ν̂

(j)
i−1; θ

(j)) % LNA co-variance integration 796

Cov
(j)
i,(k,k) = max(Cov

(j)
i,(k,k), α) for k ∈ {S, I} % ensure that no negative co-variance, we use α = 10−6

797

% % % % calculate state estimate in case of observation noise with standard deviation σ2
798

% The state estimate is calculated by maximizing the probability in equation 7 . 799

% LNA ⇒ p normal and P (yi|νi, ν̂i−1; θ) normal as gaussian observation noise 800

% taking into account that ν̂
(j,T )
i + ν̂

(j,R)
i − ν̂

(j,T )
i−1 + ν̂

(j,R)
i−1 would correspond to a noise free observation 801

% ⇒ maxν̂i (2π)−
ndim

2 (det(Cov
(j)
i ))−

1
2 × exp

(

−(ν̃
(j)
i − ν̂

(j)
i )(Cov

(j)
i )−1(ν̃

(j)
i − ν̂

(j)
i )
)

802

% 1
√

2πσ1
exp

(

−

((

ν̂
(j,T )
i

+ν̂
(j,R)
i

−ν̂
(j,T )
i−1 +ν̂

(j,R)
i−1

)

−yi

)2

σ2

)

803

% As the 1st, 2nd and 4th factor do not contain ν̂i and max is equal to min(-log(.)) , define h as 804
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h
(

ν̂
(j)
i

)

=
(

ν̂
(j)
i − ν̃

(j)
i

)

.
(

Cov
(j)
i

)−1

.
(

ν̂
(j)
i − ν̃

(j)
i

)

+

((

ν̂
(j,T )
i

+ν̂
(j,R)
i

−ν̂
(j,T )
i−1 +ν̂

(j,R)
i−1

)

−yi

)2

σ2 805

% and minimize by solving derivative equals 0. 806












∂h(ν̂
(j)
i

)

∂ν̂
(j,S)
i

= 0

∂h(ν̂
(j)
i

)

∂ν̂
(j,I)
i

= 0

∂h(ν̂
(j)
i

)

∂ν̂
(j,T )
i

= 0













% solve the optimization problem analytically for ν̂
(j,S)
i , ν̂

(j,I)
i and ν̂

(j,T )
i 807

% % % % calculate state estimate in case of no observation noise 808

% The state estimate is calculated by maximizing the probability in equation 7 . 809

% LNA ⇒ p normal 810

% taking into account that yi = ν̂
(j,T )
i + ν̂

(j,R)
i − ν̂

(j,T )
i−1 + ν̂

(j,R)
i−1 (noise free observation), reduces one 811

dimension of the optimization problem 812

h
(

ν̂
(j)
i

)

=
(

g(ν̂
(j)
i )− ν̃(j)i

)

.(Cov
(j)
i )−1.

(

g(ν̂
(j)
i )− ν̃(j)i

)

% define function h 813

g
(

ν̂
(j)
i

)

:=







ν̂
(j,S)
i

N − ν̂(j,T )
i−1 − ν̂

(j,S)
i − ν̂(j,R)

i−1 − yi
ν̂
(j,T )
i






% function g taking into account the relation of yi 814







dh(ν̂
(j)
i

)

dν̂
(j,S)
i

= 0

dh(ν̂
(j)
i

)

dν̂
(j,T )
i

= 0






% solve the optimization problem analytically for ν̂

(j,S)
i and ν̂

(j,T )
i 815

% % % Calculate state specific bounds in case of observation noise with standard deviation σ2
816

ν̂
(j,S)
i = min

{

max
{

0, ν̂
(j,S)
i

}

, N
}

% within the bounds of 0 and population size 817

ν̂
(j,S)
i = min

{

max
{

0, ν̂
(j,S)
i

}

, N
}

818

ν̂
(j,S)
i = min

{

max
{

0, ν̂
(j,S)
i

}

, N
}

819

% % % Calculate state specific bounds in case of no observation noise 820

ν̂
(j,S)
i = min

(

ν̂
(j,S)
i , N − 1, N − ν̂(j,T )

i−1 − ν̂
(j,R)
i−1 − yi − α,N −

∑i
l=1 yl − 1

)

% we use α = 10−6
821

% upper bounds: population size, population size - already diagnosed cases - current cases, 822

% population size - all cases; whichever is lowest 823

ν̂
(j,T )
i = min

(

max
(

0, ν̂
(j,T )
i

)

,
∑i

l=1 yl

)

% no more people in T than already diagnosed cases 824

ν̂
(j,I)
i = N − ν̂(j,T )

i−1 − ν̂
(j,S)
i − ν̂(j,R)

i−1 − yi 825

% % % calculate likelihood 826

% need to integrate over state space → sampling based 827

FOR l = 1, . . . , nr : z
(j)
l ∼ N

(

ν̂
(j)
i , Cov

(j)
i

)

END FOR % nr = 10000 828

newlys
(j)
(i,l) = z

(j,T )
l − ν̂(j,T )

i−1 +
(

N − z(j,S)
l − z(j,I)l − z(j,T )

l

)

− ν̂(j,R)
i−1 829

dist = Ntruncated(−10−10,N)

(

mean
(

newlys
(j)
(i,l=1,...,nr)

)

, Variance
(

newlys
(j)
(i,l=1,...,nr)

)

+ σ2
)

830

L(yi|θ(j)) = PDF (dist, yi) 831

END FOR 832

L(MSS)(Yi|θ(j)) = L(MSS)(Yi−1|θ(j))× L(MSS)(yi|θ(j)) 833
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END FOR 834

4. Output: sample of parameters θ(j) with corresponding likelihood values L(Yn|θ(j)) and belief states. 835
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S1.9 text 836

Detailed pseudo code for I.Poi. for SITR 837

1. Input: 838

❼ Stochastic simulation model H(t, x0; θ) simulating a trajectory until time t with an initial value 839

x0 and a parameter θ. 840

❼ Data set y1, . . . , yn 841

❼ Number of ensemble members Ngrid. 842

❼ Total populations size N . 843

❼ Number of simulation being carried out for each parameter value Nprio,sim. 844

2. Initialization: 845

FOR j=1,. . . ,Ngrid 846

θ
(j)
0 =

(

R
(j)
0 ,mdi

(j)
0

)

∼ U(R
(range)
0 ×mdi(range)) % mdi - mean duration of infectiousness 847

% in our case R
(range)
0 = [1, 3], mdi(range) = [1, 20], γ(range) = [0, 5]. 848

S
(j)
0 = N − 1 849

I
(j)
0 = 1 850

T
(j)
0 = R

(j)
0 = 0 851

ν
(j)
0 =

(

S
(j)
0 , I

(j)
0 , T

(j)
0 , R

(j)
0

)

852

L(Y0|θ(j)) = 1 853

END FOR 854

3. Calibration: 855

FOR i = 1, . . . , n 856

FOR j=1,. . . ,Ngrid 857

For k = 1, . . . , Nprio,sim 858

z
(j,k)
i−1 = H(k)(ti−1, ν0; θ

(j)) % previous state 859

z
(j,k)
i = H(k)(ti, ν0; θ

(j)) % current state 860

newly
(j,k)
i = z

(j,k,T )
i + z

(j,k,R)
i − z(j,k,T )

i−1 − z(j,k,R)
i−1 861

END FOR k 862

me = mean
(

newly
(j,1)
i , . . . , newly

(j,Nprio,sim)
i

)

% calculate mean for Poisson distribution 863

IF me > 0 % Poisson distribution needs parameter greater 0 864

L(yi|θ(j)) = PDF (PoissonDistribution(mean), yi) % if so, evaluate 865

ELSE: IF yi = 0 then 1 ELSE α̃ END IF % if not, check whether yi = 0, we use α̃ = 10−100. 866

END IF 867

END FOR 868

L(I.Poi)(Yi|θ(j)) = L(I.Poi)(Yi−1|θ(j))× L(I.Poi)(yi|θ(j)) % update likelihood 869

END FOR 870

4. Output: sample of parameters θ with corresponding likelihood values L(Yi|θ). 871
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S1.10 text 872

Detailed pseudo code for Particle Filter for SITR 873

1. Input: 874

❼ ODE solution x(t, x0; θ) for an ODE x′ integrated for time t with initial value x0 and 875

parameter θ such as in equation (5). 876

❼ Data set y1, . . . , yn 877

❼ Number of ensemble members Ngrid. 878

❼ Total populations size N . 879

2. Initialization: 880

FOR j=1,. . . ,Ngrid 881

θ
(j)
0 =

(

R0
(j)
0 ,mdi

(j)
0

)

∼ U(R
(range)
0 ×mdi(range)) % mdi - mean duration of infectiousness 882

% in our case R
(range)
0 = [1, 3], mdi(range) = [1, 20], γ(range) = [0, 5]. 883

S
(j)
0 ∼ U([ᾱN,N ]) % we use ᾱ = 0.9 884

I
(j)
0 ∼ U([0, N − S(j)

0 ]) 885

T
(j)
0 ∼ U([0, N − S(j)

0 − I
(j)
0 ]) 886

R
(j)
0 ∼ U([0, N − S(j)

0 − I
(j)
0 − T (j)

0 ]) 887

ν̂
(j)
0 =

(

S
(j)
0 , I

(j)
0 , T

(j)
0 , R0

(j)
0

)

888

w
(j)
0 = 1/Ngrid 889

END FOR 890

3. Loop: 891

FOR i=1,. . . ,n 892

Wi−1 =
∑Ngrid

j=1 w
(j)
i−1 893

FOR j=1,. . . ,Ngrid: w̃
(j)
i−1 = w

(j)
i−1/Wi END FOR % normalize weights 894

neff = 1/
∑Ngrid

j=1 (w̃
(j)
i−1)

2
895

IF neff < Ngrid/2 % check whether to re-sample 896

n1 = 7 897

C1 = Πn1/2/Gamma(n1/2 + 1) % with the gamma function Gamma 898

A1 = (8/C1(n1 + 4) ∗ (2
√
Π)n1)−1/(n1+4)

899

hopt = 2 ∗A1 ∗N−1/(n1+4)
grid 900

xK = (−1,−0.999, . . . , 0.999, 1) 901

dK = ((n1 + 2)/2/C1) ∗ (1− x2K) % kernel 902

cK = dK = dK/
∑length(dK)

j=1 dKj 903

FOR j = 1, . . . , length(dK) : cKj = cKj−1 + dKj END FOR % cumulative 904

f: function interpolating (xK , cK) 905

ψ
(j)
i−1 drawn from

{(

θ
(1)
i−1, ν̂

(1)
i−1

)

, . . . ,
(

θ
(Ngrid)
i−1 , ν̂

(Ngrid)
i−1

)}

with weights
{

w̃
(1)
i−1, . . . , w̃

(Ngrid)
i−1

}

906

w̃
(j)
i−1 = 1/Ngrid, j = 1, . . . , Ngrid 907
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σi−1 = StdDev
(

ψ
(1)
i−1, . . . , ψ

(Ngrid)
i−1

)

% vector of standard deviations 908

IF length
(

∪Ngrid

j=1

{

ψ
(j)
i−1

})

< max(α1, 0.01Ngrid) % we use α1 = 20. 909

σi−1 = StdDev
(

ψ
(1)
max(i−2−1,0), . . . , ψ

(Ngrid)

max(i−2−1,0)

)

910

σ
(I)
i−1 = max

(

σ
(I)
i−1, yi/5

)

911

END IF 912

FOR k = 1, . . . , n1 : 913

zk = f(Ξ) with a Ξ ∼ UniformDistribution
(

[0, 1]Ngrid
)

914

END FOR 915

ψ
(j)
i−1 = ψ

(j)
i−1 + hopt z SD % with SD a diagonal matrix with entries σi−1 regularization noise 916

FOR j = 1, . . . , Ngrid % check boundaries 917

ν̂
(j,m)
i−1 = max

(

0,min
(

N,ψ
(j,m)
i−1

))

,m ∈ {S, I, T,R} 918

θ
(j,R0)
i−1 = max

(

1,min
(

R
(range,up)
0 , ψ

(j,R0)
i−1

))

919

θ
(j,mdi)
i−1 = max

(

1,min
(

mdi(range,up), ψ
(j,mdi)
i−1

))

, 920

END FOR 921

ELSE 922

nothing % do not change θ or ν̂. 923

END IF 924

% % % Forward Propagation 925

FOR j = 1, . . . , Ngrid 926

ν̂
(j)
i = x(ti − ti−1, ν̂

(j)
i−1; θ

(j)
i−1) % forward propagation 927

θ
(j)
i = θ

(j)
i−1 928

END FOR 929

% % % Assign weights 930

FOR j = 1, . . . , Ngrid 931

y
(j)
i,prior = ν̂

(j,T )
i + ν̂

(j,R)
i − ν̂(j,T )

i−1 − ν̂
(j,R)
i−1 % prior observations 932

σ2
i,obs = 10000 + 1

50

(

1
3

∑i−1
j=i−3 yj

)2

. % observation variance 933

w
(j)
i = w̃

(j)
i−1 × PDF

(

N
(

y
(j)
i,prior, σ

2
i,obs

)

, yi

)

934

END FOR 935

END FOR 936

4. Output: posterior sample of parameters θn and states ν̂n. 937
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S1.11 text 938

Detailed pseudo code for the Ensemble Kalman filter for SITR 939

1. Input: 940

❼ ODE solution x(t, x0; θ) for an ODE x′ integrated until time t with initial value x0 and parameter θ 941

such as in equation (5). 942

❼ Data set y1, . . . , yn 943

❼ Number of ensemble members Ngrid. 944

❼ Total populations size N . 945

2. Initialization: 946

FOR j=1,. . . ,Ngrid 947

θ
(j)
0 =

(

R0
(j)
0 ,mdi

(j)
0

)

∼ U(R
(range)
0 ×mdi(range)) % mdi - mean duration of infectiousness 948

% in our case R
(range)
0 = [1, 3], mdi(range) = [1, 20], γ(range) = [0, 5]. 949

S
(j)
0 ∼ U ([ᾱN,N ]) % we use ᾱ = 0.9. 950

I
(j)
0 ∼ U

(

[0, N − S(j)
0 ]

)

951

T
(j)
0 ∼ U

(

[0, N − S(j)
0 − I

(j)
0 ]

)

952

R
(j)
0 ∼ U

(

[0, N − S(j)
0 − I

(j)
0 − T (j)

0 ]
)

953

ν̂
(j)
0 =

(

S
(j)
0 , I

(j)
0 , T

(j)
0 , R0

(j)
0

)

954

ψ
(j)
0 =

(

ν̂
(j)
0 , θ

(j)
0 , y0 = 0

)

955

END FOR 956

3. Loop: 957

FOR i=1,. . . ,n 958

% % Forward propagation 959

FOR j=1,. . . ,Ngrid 960

ν
(j)
i,prior = x(ti − ti−1, ν̂

(j)
i−1; θ

(j)
i−1) % propagation 961

END FOR 962

FOR j=1,. . . ,Ngrid 963

ν
(j)
i,prior = α′

(

ν
(j)
i,prior −mean

(

ν
(1)
i,prior, . . . , ν

(Ngrid)
i,prior

))

+ ν
(j)
i,prior 964

% Inflation with an inflation paramter α′ = 1.07 965

ψ
(y,j)
i = ν

(j,T )
i,prior + ν

(j,R)
i,prior − ν̂

(j,T )
i−1 − ν̂

(j,R)
i−1 % prior observations 966

σ2
i,obs = 10000 + 1

50

(

1
3

∑i−1
j=i−3 yj

)2

. % observation variance 967

σ2
i,prior = variance

(

ψ
(1,y)
i , . . . , ψ

(Ngrid,y)
i

)

% prior variance 968

σ
(m)
i = co-variance

(

ψy
i , ν

(m)
i,prior

)

,m ∈ {R0,mdi, S, I, T,R} % co-variance observation prior 969

ỹ
(j)
i = max

(

0, yi + ξ
(j)
i

)

with ξ
(j)
i ∼ N (0, σ2

i,obs) % noisy observation 970

END FOR 971

% % Update 972

FOR j=1,. . . ,Ngrid 973

δ
(j)
i =

σ2
i,obs

σ2
i,obs

+σ2
i,prior

ψ
(y,j)
i +

σ2
i,prior

σ2
i,obs

+σ2
i,prior

ỹ
(j)
i . 974
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θ
(j,m)
i =

σ
(m)
i

σ2
i,prior

δ
(j)
i + θ

(j,m)
i−1 ,m ∈ {R0,mdi} 975

ν̂
(j,m)
i =

σ
(m)
i

σ2
i,prior

δ
(j)
i + ν̂

(j,m)
i−1 ,m ∈ {S, I, T,R} 976

END FOR 977

% % Check boundaries 978

FOR j=1,. . . ,Ngrid 979

ν̂
(j,S)
i = IF ν̂

(j,S)
i > N : N − 1 ELSE ν̂

(j,S)
i END IF 980

ν̂
(j,m)
i = IF ν̂

(j,m)
i > N : median

(

ν̂
(j=1,...,Ngrid,m)
i

)

ELSE ν̂
(j,m)
i ,m ∈ {I, T,R} END IF 981

θ
(j,R0)
i = IF θ

(j,R0)
i > R

(range,up)
0 : min

(

R
(range,up)
0 ,median

(

θ
(j=1,...,Ngrid,R0)
i

))

ELSE θ
(j,R0)
i END IF 982

θ
(j,mdi)
i = IFθ

(j,mdi)
i > mdi(range,up) : min

(

mdi(range,up),median
(

θ
(j=1,...,Ngrid,mdi)
i

))

ELSE θ
(j,mdi)
i 983

END IF 984

ν̂
(j,m)
i = IF ν̂

(j,m)
i < 0 : max

(

1,mean
(

ν̂
(j=1,...,Ngrid,m)
i

))

ELSE ν̂
(j,m)
i ,m ∈ {S, I, T,R} END IF 985

θ
(j,m)
i = IF θ

(j,m)
i < 0 : max

(

1,mean
(

θ
(j=1,...,Ngrid,m)
i

))

ELSE θ
(j,m)
i ,m ∈ {R0,mdi} END IF 986

END FOR 987

END FOR 988

4. Output: a posteriori sample of parameters θn and states ν̂n. 989
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