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S1 Text — Supporting text
S1.1 Text
The Gillespie Algorithm

In the section “Predicting epidemic behavior”, we discussed that to use Eq. (11) to
project the expected behavior of an epidemic outcome Z using the accrued observation
Y; at time t;, one needs access to a stochastic simulator to sample from the random
variable Z|v; for a given set of parameter values §. We use the Gillespie algorithm [40]
for this purpose. To describe the steps of the Gillespie algorithm, we consider an
epidemic model with K compartments (e.g. in the model described in § ”Design of the
Performance Analysis”, K = 4). Let v(t) = (v1(t),v3(t),...,v5(t)) denote the state of
the epidemic at time ¢, where v*(t) denotes the number of individuals in compartment
ke{l,2,...,K} at time t.

The state of an epidemic (i.e. v(¢)) may change due to the occurrence of specific
events, such the transmission of the disease to a susceptible or the recovery from the
disease. We use @ to denote the number of such events. In the model shown in Fig 3,
these epidemic events include Infection, Seeking Treatment, and Recovery (and hence
Q = 3). Let Ay(v(t),0) denote the rate at which the event ¢ is occurring when the
epidemic is at state v(t) and with parameter values 6 that is a transformation of the
parameter 6.

Note that the stochastic model usually uses a volume dependent transformation of
the parameter 6 from the ODE model. We do not need this transformation as our ODE
description is volume independent.

In the model described in §— ”Design of the Performance Analysis”, the force of
(1)
lzlv(t) J

recovery is Oz (t), where v°(t), v!(t) and v (t) denote, respectively, the number of
individuals in the compartments Susceptible, Infective, and Treatment (see Fig 3). The

Gillespie algorithm proceeds as follows.

infection is 011 (t) the rate of seeking treatment is o1/ (¢), and the rate of

Assuming that the epidemic is at state v(t) at time ¢ :
1. Calculate the sum of rates: Ag = Z?zl A, (v(2),0) .

2. Sample the time to the next event: 7T « fAiOln u1 , where u; is a random
number drawn from a uniform distribution 2/((0, 1]).

3. Determine the event that just realized: Select the event ¢ such that
-1 Q
Ag(v(t),0) Ay (v(1),0)
T <o 0
q=1 9=q

where ug is another random number drawn from a uniform distribution 2((0, 1]).
4. Update epidemic state given the realized event 7.

5. Until a desired time condition is satisfied, increment time ¢ < ¢ + 7 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,
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we use the Gillespie algorithm (Fig SI 1) to simulate the SITR compartmental model
shown in Fig 1.

These SITR trajectories are used to calculate the number of new diagnoses in week 4
which is equal to T; + R; — T;_1 — R;_1. If for a simulated trajectory the conditions on
attack rate (30% - 50% for the mild scenario, 50%-70% for the severe scenario and
70%-100% for the extreme scenario) and timing of peak (between 10 and 20) are

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

S1.2 Text
Equations of the SEITR model

The Susceptible - Exposed - Infected - Treatment - Recovered model contains one more
compartment than the SITR model, namely Exposed. Disease transmission can be
modeled using the following ODE model:

L ast) = —klxs(t)fj((f)),

e = ks = ka0,

%zl(t) — kown(t) — Oazr (D), (17)
L ar(t) = byr(t) — 0520,

%Z‘R(t) = 93$T(t)

where k1 = ko = 261 and 6, is the disease transmission rate, 0, is the rate of seeking
treatment while infectious, and 63 is the rate of recovering.

In our analysis, we assume that at time ¢ = 0 one population member becomes
infected. The model initial condition can therefore be defined as
20 = (25(0),zE(0),27(0), z7(0),xr(0)) = (N — 1,1,0,0). We furthermore assume a
constant population size N(t) = zg(t) + zg(S) + z1(t) + zr(t) + xr(t) denote the
population size at time ¢ .
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S1.3 text
Formulas to calculate integrated relative errors (IRE) for different metrics

The exact form of fys,19(m|0) of the IREs in Eq. (16) depends on the metric of interest.

Ry and duration of infectiousness: For Ry or the mean duration of infectiousness,
we have fyr,19(m|0) =1, as Ry and the mean duration of infectiousness only depend on
the parameter vector sampled from the posterior ;.

Regr: For Regr as the performance target, M; is defined as M; = Ro%. As S is the
only state that the target depends on, the function fyy,9(1m[0) needs to yield the
probability for this state. This is accomplished by integrating over the remaining states:

ool - | (4047, i)

(VES) ,VEI) ,ui(T) 7I/,ER)) €Q;

Infection prevalence: If the target is the infection prevalence: M; = Vi(S), the
function fys,19(m|¢) needs to yield the probability for this state and, hence, is calculated
by integrating over the remaining states.

fui(sqg(Vi(I) 0) = /

II; ((Vi(S)’ V(T), yi(R)) |Yz; 9)
(VES),V’ST),Vl(R))EQi

7

As the 1.Poi benchmark does not calculate a belief state for time ¢;, we use the
simulation model to carry out simulations with parameters according to m;(6|Y;) and
consider these simulations as a sample from the belief state II;.

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

fIW1|9(m|0) = P(m|Y;)
with P as in Eq. (9).

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

mIRE(M;) = median (IRE(M}” ),...,IRE(M"” )) .

S1.4 text
Computational Effort

As mentioned in the Discussion, the most computationally challenging parts are the
ODE system integration for MSS, PF and EnKF and the stochastic simulation for I.
Poi. We analyzed the computational time for the severe scenario with a population size
of 10000. Carrying out the 1000 stochastic simulations for benchmark I.Poi for the 1000
parameters takes about 100 minutes. The additional time for evaluating the likelihood
approximation is rather short with about only 1 second, see table 1 for numbers.

The computational times are shorter before the peak and longer after the peak,
when less or more data is taken into account. The computational time will only vary for
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the I.Poi. when changing the population size as the other methods do not require

stochastic simulations.

We note that the implementation was not carried out in a way to maximize speed, so
there is opportunity for additional speed up with more efficient implementation.
However, these numbers demonstrate that all the algorithms can be used on a personal

computer in real time.

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 125.24+ 33.2 | 100* min + 1 + 0.3 | 12.54+ 4.1 | 17.8% 6.
at peak 157.64+ 31.6 | 100* min + 1.4 + 0.3 | 17.4+ 4. | 26.4+ 6.3
4 weeks after peak | 196.24 33.8 | 100* min + 1.7+ 0.3 | 22.6+ 4. | 34.54+ 6.6
8 weeks after peak | 228.84 35. | 100* min + 2.1+ 0.3 | 27.54+ 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
Pseudo code for the benchmark method A (I.Poi)

1. Initialization

(a) Choose an initial prior probability function my().

(b) Choose the set © that includes the values of parameters 6 for which the
approximate likelihood function (10) should be calculated.

(¢) Set In LUIP (Y:0) « 0 for every # € © .
2. Calibration: For each observation y; ,i=1,...,n,
(a) Assume PIFOV(.|9) ~ Poisson(p;) and use simulated trajectories to esti-

mate the mean pu;, for every 6 € ©.
(b) Update the likelihood function: LIPD(Y;:0) « LIFPOY(Y; 1:6) x
PUPOD) (4:16) for every § € © .

(c) Update the parameter posterior distribution: i (0]Y3) —
LUPoD (4.10) 7;_1(0,Y;_1) for every 6 € ©.

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

1. Initialization

(a) Choose an initial prior probability function my(¢).

(b) Choose the set © that includes the values of parameters 6 for which the
likelihood function (1) should be calculated with the specifications in Eq.
(12) and name the specific likelihood approximation L(FF).

(c) Set In LPF)(Yy;6) « 0 for every 6 € © .
2. Calibration: For each observation y; , i =1,...,n,

(a) Calculate the probability PF¥)(y;|Y;_1;8) for every 6 € O.

(b) Update the likelihood function: LEF)(Y;;60) <«  LEF(Y;_1;60) x
PEF) (y;|Yi_1;6) for every § € © .

(c) Update the parameter posterior distribution: i (0]Y3) —
LPF) (y;160) 75_1(0,Y;_1) for every § € © .

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 760

1. Initialization

(a) Choose an initial prior probability function my(¢).

(b) Choose the set © that includes the values of parameters 6 for which the
likelihood function (1) should be calculated with the specifications in Eq.
(12).

(c) Choose an initial set of particles U. Its elements ) € ¥ contain values for
the parameters and states: ¢ = (6, v).

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

(a) Propagate each particle by setting ¢ < (0, Vprior) With Vprior = x(t; —
ti—la v 9)

(T) (R) _ (T) _ (R

(b) Calculate the prior for the observations: ¢®) = v, 0 + v 5

P
(c) Calculate the variance o2, ; as in Eq. (13).

(d) Calculate the prior variance of the observed quantity as O'I%MOT =
Variance (w(y)).

(e) Calculate the prior co-variance of the observed quantity and each unobserved
component of the particle ¢ as ¢, = co-variance (w(y),¢(m)), where m
denotes the unobserved component.

(f) Update ¢ + —g=—¢ with

I prior

2

2 .
§ = O obs wy 4 UPTZOT‘ g
- 2 2 prior 2 P} i
o5 .+ 0o o+ O prior

obs prior obs

and §; = y; + &, with & ~ N (0, 0'2b87i)t

o

(g) Set (6,v) < 1 for the next iteration.

Figure SI 4. Pseudo code for the Ensemble Kalmann filter [27].
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S1.8 text
Detailed pseudo code for our MSS for SITR

1. Input:
e ODE solution z(t, zo; #) for an ODE 2’ integrated for time ¢ with initial value z¢ and parameter 6 such
as in equation (5).
e Data set y1,...,yn
e Number of ensemble members Ny;q.

e Total populations size N.

2. Initialization:
FOR j=1,...,Ngpiq
o) = ( R(()j),mdi(j),'y(j)> ~ U(RUE) 5 j(ranse) x o (range))
% Draw a parameter sample from an uninformative prior; mdi - mean duration of infectiousness;

% ~ - additional parameter for the number of weeks, the epidemics started before the first observation
% in our case R(()mnge) = [1, 3], mdi(™™9¢) = [1,20], 49 = [0, 5].

S(_]% =N-1 % initialize states
I(_Jz =1 % we assume one infected at start, but no knowledge when epidemic started
@) _ pU) _
T2 =R-,=0
~0) _ (¢ 7)) pG) pG)
p9) = (89,19, 19), rY))
L(y_7|9(j)) =1
Yy =Yqg1=...=Y =0 % auxiliary observations to model the time before the first case
END FOR
3. Loop:
FORi=—n,...,n % epidemic stared at —v and data available until n

FOR j=1,...,Nyria

% % % Forward integration

Di(j) =z(t; —ti—1, 171»(1)1; e(j)) % ODE integration
COUZQ) =Xt — ti-1, 791'(1)1§ g(j)) % LNA co-variance integration
Covgj()k K = maX(COUEj()k k)? a) for k € {S, I} % ensure that no negative co-variance, we use o = 1076

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

% The state estimate is calculated by mazimizing the probability in equation 7 .
% LNA = p normal and P(y;|vi,0i—1;0) normal as gaussian observation noise

% taking into account that Di(j’T) + zﬁgj’R) — 191(]_?> + Di(ff) would correspond to a noise free observation

% = maxs, (2m)" 5" (det(Cov))™F x exp (—(Di(j) — 5N (CowI) (5D — z&f”))
((ﬁf’%fm—agzpwsz?’)-“)z)

1
% s—eap | — =

% As the 15, 2™ and 4™ factor do not contain ¥; and maz is equal to min(-log(.)) , define h as
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p(5) = (7~ o) (o) (o - ) 4 LA o))

[ea
% and minimize by solving derivative equals 0.

on(py
ap) T
o)
oD
on(o?)
oo™

A(J T)

pUS) G0

=0 % solve the optimization problem analytically for U; and D,

=0

% % % % calculate state estimate in case of no observation noise
% The state estimate is calculated by mazimizing the probability in equation 7 .
% LNA = p normal
% taking into account that y; = ﬁi(j’T) + ﬁ;j’R) A(J T) + D
dimension of the optimization problem

. R
(J ) (noise free observation), reduces one

h (ﬁi(j)) _ (g(ﬁi(j)) _ ﬂi(j)) .(Cm)i(j)) (g(l/(J)) _ V(J)) % define function h
. ﬁi(j,s)
g (ﬁi(])) =N — ﬁfi’p - ﬁi(J’S) — l?l(i’f) -y % function g taking into account the relation of y;
T
%
dh(V(j))
dois 558 GT)
dh(u(;)) % solve the optimization problem analytically for ¥; ) and ¥

w0 =

% % % Calculate state specific bounds in case of observation noise with standard deviation o>

A(j’ = min {max{ A-(j’S)} N} % within the bounds of 0 and population size
A(JS)—mln{max{ A(JS)} N}
A(7 = min X{O 05 },N}

% % % Calculate state specific bounds in case of no observation noise
ﬁi(j’ )*mln( p(-5) ,N—1,N — A(J’ ) I/Z(]’f) ifa,NfZ;':lylfl) % we use o = 1076

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

% population size - all cases; whichever is lowest
171-(7’T) = min (max (O Z/(J’ ) ,Z;zl yl> % no more people in T than already diagnosed cases

~ (3,1 ~(j,T ~ (5,8 ~(j,R
Vz‘(j ):N*Vi(il)*”io )*Vz'(il)*yi

% % % calculate likelihood

% need to integmte over state space — sampling based

FOR(=1,...,n, : 27 ~N< o) Cov")) END FOR % n, = 10000
newlyst?, = Zl(m S0 | ( N =29 G0 Zl(ﬂ)) o

dist = Nyruncated(—10-10,N) (mean (newlys(z)l . )) , Variance (newlysgf’)lzl_ﬂ_an)) + 02)

L(ys|0Y) = PDF(dist, y;)
END FOR

L(MSS)(mg(j)) — L(MSS)(yiil‘g(j)) X L(MSS)(yi‘e(j))
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END FOR
4. Output: sample of parameters 1) with corresponding likelihood values L(Y;,|00)) and belief states.
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S1.9 text
Detailed pseudo code for 1.Poi. for SITR

1. Input:
e Stochastic simulation model H (¢, z¢; #) simulating a trajectory until time ¢ with an initial value
xo and a parameter 6.
e Data set y1,...,Yn
e Number of ensemble members Ny,iq.
e Total populations size N.
e Number of simulation being carried out for each parameter value Nppio, sim-

2. Initialization:
FOR j=1,...,Ngpia

Oéj) = (Réj), mdi(()j)) ~ U(Rérange) x mdi(range)) % mdi - mean duration of infectiousness
% in our case R = [1,3], mdi(anee) = [1,20], y(range) = [0, 5.

S =N-1

1§ =1

T
Vé]) — (S(()]),I(g]),TéJ),R(()])>
L(Yp|0W)) =1

END FOR

3. Calibration:
FORi=1,...,n
FOR le, . ;quid
For k = 1, ceey Npria,sim

zl(j_”f) =H® (ti—1,v0; H(j)) % previous state
290 = H®) (4, vg; 0)) % current state
newlyz(j’k) = zz(j’k’T) + zgj’k’R) — zl(J_lfT) — zﬁ’]f’R)
END FOR k
me = mean newly§j’1), ey newlygj’Np””'”’”)) % calculate mean for Poisson distribution
IF me >0 % Poisson distribution needs parameter greater 0
L(y;|6Y)) = PDF(PoissonDistribution(mean), y;) % if so, evaluate
ELSE: IF y; = 0 then 1 ELSE & END IF % if not, check whether y; = 0, we use & = 107190,
END IF
END FOR
LAPo) (7;19W)) = [P (v, 1190)) x LEPOD (4,00 % update likelihood
END FOR

4. Output: sample of parameters 6 with corresponding likelihood values L(Y;|0).
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S1.10 text

Detailed pseudo code for Particle Filter for SITR

1. Input:

¢ ODE solution x(t, zo; 0) for an ODE 2’ integrated for time ¢ with initial value 2y and

parameter # such as in equation (5).
o Data set y1,...,yn
e Number of ensemble members Ng;.;q.
e Total populations size N.

2. Initialization:
FOR j=1,... ,Nyria
Oéj) = (Roéj),mdz
% in our case
S5 ~ U([aN, N))
I ~U(jo,N - 55))
Ty ~ U([0,N - 55
R ~U(0,N - S5 —

1,

- 1”)
- 1)

ﬁéj) _ (S(()j),féj),TO(j),Roéj))

w(()]) = l/Ngrid

END FOR
3. Loop:
FOR i=1,...n
Wiy =Y w?,

FOR j=1,... Nypig: 57, = w

neps =1/ Y (@)

IF nepp < Ngr'id/2
1 =7

'(j)) ~ U(R(range) % mdz’(range))

RU™) = [1,3], mditrae) = [1,20],

% we use @ = 0.9

) /W; END FOR

Cy = I1"/2 /Gamma(n, /2 + 1)

Al = (8/01(’&1 +4) *

(zﬁ)nl)fl/(nﬁ%)
hopt = 2% Ay x N, 15+

% mdi - mean duration of infectiousness

A0~ [0,5).

% normalize weights

% check whether to re-sample

% with the gamma function Gamma

xx = (—1,-0.999,...,0.999,1)

dre = ((n1+ 2)/2/01) (1- l“%() % kernel
e = dp = d /Zlength(dx) dx

FOR j=1,...,length(dk) : cKj =ckj_1+dg; ENDFOR % cumulative
f: function interpolating (x g, cx)

ww drawn from {(91(1)1, Al(l)l) (G(Nq”d), Az(Nf”d)>} with weights {111191, cee u?iivf’d)}

~1(J)1 = ]-/qu'dmj = 1:"’7

quid
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;-1 = Sthev (1/)1(?1’ . 7wi(l—vi]”d)>

IF length< Noria {w) }) < max(ay, 0.01Nyyiq)
_ (1) (Ngria)
oi—1 = StdDev (wmax(i 2-1,007 """ ’1/)max(id7271,0))
1( )1 —max( Oi— 17%/5)
END IF

FORI{?:17...,’H,1

zp = f(E) with a E ~ Uni formDistribution ([0, 1]Nerit)

END FOR

% vector of standard deviations

% we use a; = 20.

1/J(J) 1/4@1 + hopt 2 SD % with SD a diagonal matrix with entries o;_1 regularization noise

FORj=1,...,Nyria
f/i(ﬂ”) = max (O,min ( 1/1(3 m))) ,me{S,1,T, R}
001 = max (1, min (R, y0[0)))

00 = max (1, min (mdiCanses), g @)
END FOR
ELSE

nothing
END IF

% % % Forward Propagation
FOR j — 1,...,Ng”d
1919) = a(t; — tim1, ;" 179(J) )
ol
END FOR

% % % Assign weights
FOR j = 1,..., Nyria

T ~(J,R . (5, T . (4,R
yz(,Jp)mor_ z(j )+ (] ) (il) 1(]1)

. 2
Uz obs T = 10000 + 50 (7 22—1—3 yj) .
wz( 7 = 12)1(3—)1 x PDF (N (yL(Jp)rw'r’Uer)bs) 73/1')
END FOR
END FOR

4. Output: posterior sample of parameters 6,, and states ,.

% check boundaries

% do not change 6 or .

% forward propagation

% prior observations

% observation variance
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S1.11 text

Detailed pseudo code for the Ensemble Kalman filter for SITR

1. Input:

e ODE solution z(t,z¢;0) for an ODE 2’ integrated until time ¢ with initial value 2y and parameter 6

such as in equation (5).
e Data set y1,...,yn
e Number of ensemble members Ny;iq.

e Total populations size N.

2. Initialization:

FOR j=1,...,Nyyia

0y = (R () mdi(j)) ~ U(R™5) 5 mdi(range))
% in our case R(mnge)

S$) ~ U ([aN, N))
1§ ~ U (0,N - 5§))
79~ U ([ 0,N — S — I(j)})
R(()j) ~U ([ S(]) ( /) T(J)])
ﬁéj) _ (S(()j)7[(g])7Té])’RoéJ)>
o) = (ﬁéﬁ,egﬁ'),yo — 0)

END FOR

% we use & = 0.9.

3. Loop:

FOR i=1,...n
% % Forward propagation
FOR j=1,...,Nyria

Z(Jp)rzor = I(t —ti—1, l/ ) H(J) )
END FOR
FOR j=1,... . Nypia
@ o, &) (Ngria) (4)
Vi,prio’r' = ( v; ,prior mean (Vi,p’r'iOT" et Vi,pﬁim' )) + v; ,prior

% Inflation with an inflation paramter o/ = 1.07
(v:3) _ (J,T) (4,R) ~(3,T) _ ~(4,R)
w‘ Vi prior + iprior — Vi—1 T Vi1

. 2
G?, obs T = 10000 + 50 (7 227%—3 yj) .
2 71/) ) ¢<Ngrid7y)

i,prior —

(m) :co-variance( H l/-( )- ) m € {Ro,mdi, S, I, T, R}

= variance (1/)

i Vi, prior

N(]) = max (0 Y; + 6(1)) with f(J) ~ N( ) z obg)

END FOR
% % Update
FOR j=1,...,Nypia
() _ o7 o (y.4) ~<j>
5i o3 obs+o-bl prLorw + +(71 prior Yi

% mdi - mean duration of infectiousness

[1, 3], mdi(ranee) = [1,20], y(ranee) = [0, 5].

% propagation

% prior observations

% observation variance

% prior variance

% co-variance observation prior

% mnoisy observation
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(m)

95j7m) = 70? : i(j) + el(iﬂln),m S {Ro,mdi} 975
4 S ,
o™ = 559 4 50 m e {S,1,T, R}
END FOR -
% % Check boundaries o78
FOR j=1,...,Nyria -
o9 —1F %) > N: N -1 ELSE #%®) END IF o0
o™ Z IF 59™) > N : median (afJZI""’NW’"”) ELSE 7™ m € {I,T,R} END IF o

Gl(j,Ro) —IF el(j,Ru) > R(()range,up) . min (R(()mnge’up),median (Gl(jzl ..... Ngr,,-,d,Rg))) ELSE QEJ}RO) END IF o

egj,nzdi) _ IFez(j,mdi) > mdi(range,up) . in (mdi(mnge’“p),median <6’§j:1,n~7Ng7‘id,mdi)>) ELSE ez(j,mdi) o

END IF ‘ . ‘ 084
o™ ZIF 59™ <0 max (1, mean (19}1:1 """ N-W‘"“’”))) ELSE /™ m € {S,I,T,R} ENDIF  as
09™ = IF 9™ < 0 : max (1, mean (9§j:1"“’Ng”d’m))) ELSE 09™ m € {Ro,mdi} ENDIF

END FOR 087

END FOR 088

4. Output: a posteriori sample of parameters 6,, and states 7,,. 989
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