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18Operations Research Center, Massachusetts Institute of Technology, Cambridge, MA, USA
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S1 Detailed description of new models6

We only provide detailed descriptions of models which were added to our project for the second evaluation7

period. Descriptions for the other models can be found in Supplementary Note 3 of Bracher et al (2021).8

A more detailed documentation of the LeipzigIMISE-SECIR and SDSC ISG-TrendModel models which had9

not been available at the appearance of Bracher (2021) can be found in Kheifetz et al (2021) and Krymova10

et al (2021), respectively.11

itwm-dSEIR Fraunhofer-ITWM’s predictions are based on a cohort model that groups people according12

to four age groups and according to the status infected, detected and since 19 April successfully vaccinated13

(i.e., this extension was added after the evaluation period). The dynamics of the epidemic are described by14

integral equations, assuming an infectious period with fixed onset, end and infectivity. The most important15

parameters are contact rates between age groups, detection rates and times, and death rates and times, which16

are adjusted to the historical data of the RKI. For forecasts, the simulation is continued with the parameters17

determined for the last week. In principle, the forecast quality could be improved by anticipating the effects of18

events such as the end of public holidays on contact and detection rates. However, this is not yet done in the19

automatic submissions. All calculations use automatic differentiation. This speeds up parameter adjustment20

and allows for error estimates. The latter are determined by comparing counted and simulated cases and21

by matching the empirical standard deviations with the standard deviations predicted by the calculated22

sensitivities. The model is described in detail in https://www.itwm.fraunhofer.de/de/presse-publikationen/23

presseinformationen/2021/2021-06-22 Dritte Welle Starker-Effekt-von-Schnelltests-an-Schulen.html.24

Karlen-pypm The python Population Modeller (pyPM, Karlen 2020) is a mechanistic modeling framework25

to describe viral spread via discrete-time difference equations. In a pyPM model, different population objects26

are connected by a list of directional connector objects. The adjustable parameters of the model are stored in27

parameter objects. The core of the model consists of a model of the infection cycle involving the susceptible,28

infected (but not yet contagious) and contagious parts of the population. The contagious population is29

modelled in more detail by introducing symptomatic, test-positive, hospitalized (normal ward and ICU) and30

deceased populations. The model takes time series of cases, deaths and intensive care occupancy as data31

inputs. Forecasts are generated at the regional level (German states) first and subsequently aggregated to32

the national level. Starting from 1 March 2021, the model was stratified into spread of the wild type of the33

virus and the B.1.1.7 variant, and integrated genetic sequencing data on their respective importance.34
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S2 Additional forecast visualizations35
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Figure S1: One-week-ahead forecasts of confirmed cases and deaths from COVID-19 in Germany and Poland.
Asterisks mark prediction intervals exceeding the upper plot limit. The figure shows forecasts from models
not displayed in Figure 2. Colored points represent predictive medians, dark and light bars show 50% and
95% prediction intervals, respectively. Asterisks mark prediction intervals exceeding the upper plot limit.
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Figure S2: Two-week-ahead forecasts of confirmed cases and deaths from COVID-19 in Germany and Poland,
same models as displayed in Figure 3. Colored points represent predictive medians, dark and light bars show
50% and 95% prediction intervals, respectively. Asterisks mark prediction intervals exceeding the upper plot
limit.
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Figure S3: Three-week-ahead forecasts of confirmed cases and deaths from COVID-19 in Germany and
Poland, same models as displayed in Figure 3. Colored points represent predictive medians, dark and light
bars show 50% and 95% prediction intervals, respectively. Asterisks mark prediction intervals exceeding the
upper plot limit.
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Figure S4: Four-week-ahead forecasts of confirmed cases and deaths from COVID-19 in Germany and Poland,
same models as displayed in Figure 3. Colored points represent predictive medians, dark and light bars show
50% and 95% prediction intervals, respectively. Asterisks mark prediction intervals exceeding the upper plot
limit.
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Figure S5: Three-week-ahead forecasts of confirmed cases and deaths from COVID-19 in Germany and
Poland, same models as displayed in Figure S1. Colored points represent predictive medians, dark and light
bars show 50% and 95% prediction intervals, respectively. Asterisks mark prediction intervals exceeding the
upper plot limit.
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Figure S6: Four-week-ahead forecasts of confirmed cases and deaths from COVID-19 in Germany and Poland,
same models as displayed in Figure S1. Colored points represent predictive medians, dark and light bars
show 50% and 95% prediction intervals, respectively. Asterisks mark prediction intervals exceeding the upper
plot limit.
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S3 Decomposition of average WIS values36
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Figure S7: Average weighted interval score and absolute error achieved by models across countries, targets
and forecast horizons. The grey area represents the performance of the baseline model KIT-baseline. WIS
values are decomposed into components for forecast spread, overprediction and underprediction.
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Figure S8: Individual weighted interval scores achieved by models across countries, targets and forecast
horizons. Each dot represents one score achieved over the 12-week evaluation period.
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S5 Weights in inverse-WIS ensembles38
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(b) Inverse WIS weights, incident cases, Poland
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Figure S9: Weights in KITCOVIDhub-inverse wis ensemble for incident cases in Germany and Poland,
October 2020–March 2021 (i.e., combined for the study periods of Bracher et al (2021) and the present
manuscript).
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(a) Inverse WIS weights, incident deaths, Germany
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(b) Inverse WIS weights, incident deaths, Poland
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Figure S10: Weights in KITCOVIDhub-inverse wis ensemble for incident deaths in Germany and Poland,
October 2020–March 2021 (i.e., combined for the study periods of Bracher et al (2021) and the present
manuscript).
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S6 Visualization of behaviour at turning points39
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Figure S11: a Forecasts of cases in Germany by the ITWW-county repro model, 25 January to 22 February
2021. b Forecasts for cases in selected German states by the ITWW-county repro model, 22 February 2021.
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S7 Additional summary tables on forecast evaluation41
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Table S1: Forecast evaluation for Germany and Poland in terms of relative AE and WIS, 1–4 weeks ahead.
The relative values are obtained by dividing the mean absolute error or WIS of a given model by the respective
value achieved by the baseline model. Values below 1 indicate better performance than the baseline, values
above worse performance.
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Table S2: Forecast evaluation for Germany and Poland, 3 and 4 weeks ahead (incidence scale, based on
RKI/MZ data). C0.5 and C0.95 denote coverage rates of the 50% and 95% prediction intervals; AE and WIS
stand for the mean absolute error and mean weighted interval score.
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Table S3: Forecast evaluation for Germany and Poland, 1 and 2 weeks ahead (cumulative scale, based on
RKI/MZ data). C0.5 and C0.95 denote coverage rates of the 50% and 95% prediction intervals; AE and WIS
stand for the mean absolute error and mean weighted interval score.
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Table S4: Forecast evaluation for Germany and Poland, 3 and 4 weeks ahead (cumulative scale, based on
RKI/MZ data). C0.5 and C0.95 denote coverage rates of the 50% and 95% prediction intervals; AE and WIS
stand for the mean absolute error and mean weighted interval score.

G
e
r
m

a
n
y

3
w
k
a
h
e
a
d

c
u
m
u
l
c
a
se

4
w
k
a
h
e
a
d

c
u
m
u
l
c
a
se

3
w
k
a
h
e
a
d

c
u
m
u
l
d
e
a
th

4
w
k
a
h
e
a
d

c
u
m
u
l
d
e
a
th

M
o
d
e
l

A
E

W
IS

C
0
.5

C
0
.9

5
A
E

W
IS

C
0
.5

C
0
.9

5
A
E

W
IS

C
0
.5

C
0
.9

5
A
E

W
IS

C
0
.5

C
0
.9

5

e
p
if
o
re
c
a
st
s-
E
p
iE

x
p
e
rt

5
6
,8
0
6

3
6
,9
7
5

0
.3
3

0
.5
8

9
0
,8
5
6

5
9
,0
3
0

0
.2
5

0
.5
8

1
,4
0
9

9
3
0

0
.5
0

0
.9
2

2
,3
2
5

1
,5
1
5

0
.3
3

0
.9
2

e
p
if
o
re
c
a
st
s-
E
p
iN

o
w
2

9
3
,0
1
5

6
8
,3
5
2

0
.5
8

0
.6
7

1
6
8
,2
2
2

1
2
1
,4
6
0

0
.5
8

0
.6
7

2
,0
7
0

1
,4
0
1

0
.5
0

0
.6
7

3
,2
4
4

2
,1
8
9

0
.4
2

0
.7
5

F
IA

S
F
Z
J
-E

p
i1
G
e
r

7
2
,3
2
5

4
5
,8
0
9

0
.1
7

0
.9
2

1
2
2
,1
6
5

7
9
,5
7
9

0
.0
8

0
.5
8

1
,7
9
2

1
,2
9
0

0
.0
8

0
.5
0

2
,7
7
4

1
,9
4
6

0
.0
8

0
.5
8

Im
p
e
ri
a
l-
e
n
se
m
b
le
2

it
w
m
-d

S
E
IR

5
6
,3
8
6

4
2
,7
2
0

0
.3
3

0
.4
2

1
0
1
,4
6
3

7
5
,6
7
0

0
.3
3

0
.4
2

1
,6
7
7

1
,4
5
9

0
.2
5

0
.4
2

2
,2
6
5

1
,9
4
5

0
.1
7

0
.5
0

IT
W

W
-c
o
u
n
ty

re
p
ro

9
4
,2
1
1

7
5
,7
7
5

0
.0
0

0
.4
2

1
6
0
,6
6
5

1
2
8
,9
3
5

0
.0
0

0
.4
2

8
2
6

6
5
8

0
.0
0

0
.1
7

7
4
0

5
8
9

0
.4
2

0
.6
7

K
a
rl
e
n
-p
y
p
m

1
0
7
,9
9
7

7
6
,9
4
0

0
.3
3

0
.8
3

1
9
5
,8
0
6

1
3
8
,6
7
1

0
.1
7

0
.7
5

1
,8
9
6

1
,1
7
2

0
.0
8

0
.8
3

3
,2
0
5

2
,0
3
3

0
.0
0

0
.8
3

L
A
N
L
-G

ro
w
th

R
a
te

4
4
,9
7
8

3
8
,1
3
4

0
.7
5

1
.0
0

7
2
,6
1
7

5
7
,1
5
4

0
.6
7

1
.0
0

1
,5
5
7

9
6
3

0
.4
2

1
.0
0

2
,4
4
7

1
,5
7
2

0
.4
2

1
.0
0

L
e
ip
z
ig
IM

IS
E
-S

E
C
IR

8
1
,2
7
3

5
6
,3
4
8

0
.3
3

0
.5
8

1
4
6
,9
1
7

1
0
2
,3
4
0

0
.3
3

0
.7
5

4
,9
2
9

3
,7
2
7

0
.3
3

0
.6
7

6
,8
8
2

5
,0
0
9

0
.0
8

0
.6
7

M
IT

C
o
v
id
A
n
a
ly
ti
c
s-
D
E
L
P
H
I

2
,1
5
2

1
,4
0
4

0
.1
7

0
.6
7

2
,6
0
8

1
,7
5
9

0
.0
8

0
.6
7

S
D
S
C

IS
G
-T

re
n
d
M

o
d
e
l

U
S
C
-S

Ik
J
a
lp
h
a

7
2
,2
0
2

6
2
,0
6
5

0
.0
8

0
.1
7

1
1
5
,2
9
3

1
0
5
,3
3
6

0
.0
8

0
.2
5

1
,7
9
6

1
,3
6
8

0
.0
8

0
.2
5

2
,7
4
4

2
,2
2
3

0
.0
0

0
.0
8

K
IT

-b
a
se
li
n
e

7
0
,7
5
2

5
6
,2
7
1

0
.0
8

0
.2
5

1
1
4
,9
0
8

9
6
,6
2
5

0
.0
0

0
.1
7

2
,3
5
2

1
,7
6
0

0
.1
7

0
.4
2

3
,8
6
7

3
,0
9
4

0
.0
8

0
.2
5

K
IT

-e
x
tr
a
p
o
la
ti
o
n

b
a
se
li
n
e

6
7
,4
0
0

4
2
,2
8
5

0
.2
5

0
.7
5

1
1
8
,5
5
8

7
6
,5
0
8

0
.1
7

0
.7
5

2
,5
7
2

1
,6
0
8

0
.1
7

0
.7
5

4
,4
9
3

2
,9
0
9

0
.1
7

0
.7
5

K
IT

-t
im

e
se
ri
e
s
b
a
se
li
n
e

9
4
,1
2
2

6
7
,9
1
8

0
.1
7

0
.5
8

1
5
3
,7
5
8

1
1
5
,0
4
9

0
.3
3

0
.5
8

2
,5
5
3

1
,8
3
0

0
.5
0

0
.9
2

4
,3
7
2

3
,2
7
1

0
.5
0

0
.8
3

K
IT

C
O
V
ID

h
u
b
-i
n
v
e
rs
e
w
is

e
n
se
m
b
le

6
6
,3
7
3

4
1
,8
3
0

0
.3
3

0
.8
3

1
1
1
,8
3
9

7
2
,5
1
3

0
.2
5

0
.6
7

8
9
3

5
7
1

0
.5
8

1
.0
0

1
,5
3
5

9
5
8

0
.5
0

1
.0
0

K
IT

C
O
V
ID

h
u
b
-m

e
a
n

e
n
se
m
b
le

6
3
,1
4
5

4
0
,3
4
6

0
.5
0

0
.8
3

1
0
8
,9
9
4

7
0
,0
6
2

0
.4
2

0
.8
3

9
7
2

5
9
9

0
.4
2

1
.0
0

1
,6
8
4

9
9
7

0
.2
5

1
.0
0

K
IT

C
O
V
ID

h
u
b
-m

e
d
ia
n

e
n
se
m
b
le

5
8
,2
4
4

3
8
,8
9
5

0
.4
2

0
.7
5

1
0
0
,3
8
8

6
8
,0
1
5

0
.4
2

0
.8
3

1
,1
0
4

6
4
1

0
.3
3

1
.0
0

1
,8
5
4

1
,0
7
2

0
.3
3

1
.0
0

P
o
la
n
d

3
w
k
a
h
e
a
d

c
u
m
u
l
c
a
se

4
w
k
a
h
e
a
d

c
u
m
u
l
c
a
se

3
w
k
a
h
e
a
d

c
u
m
u
l
d
e
a
th

4
w
k
a
h
e
a
d

c
u
m
u
l
d
e
a
th

M
o
d
e
l

A
E

W
IS

C
0
.5

C
0
.9

5
A
E

W
IS

C
0
.5

C
0
.9

5
A
E

W
IS

C
0
.5

C
0
.9

5
A
E

W
IS

C
0
.5

C
0
.9

5

e
p
if
o
re
c
a
st
s-
E
p
iE

x
p
e
rt

7
1
,4
9
3

4
6
,5
6
2

0
.1
7

0
.6
7

1
2
4
,1
2
9

8
6
,6
4
3

0
.0
8

0
.5
0

8
0
1

4
9
5

0
.5
0

1
.0
0

1
,1
8
8

7
5
6

0
.5
0

0
.9
2

e
p
if
o
re
c
a
st
s-
E
p
iN

o
w
2

9
7
,7
8
1

6
8
,6
7
9

0
.3
3

0
.7
5

1
8
0
,0
0
4

1
2
5
,2
4
6

0
.2
5

0
.5
8

1
,1
8
9

7
9
4

0
.5
8

0
.9
2

1
,9
8
5

1
,3
5
4

0
.4
2

0
.9
2

IC
M

-a
g
e
n
tM

o
d
e
l

*
6
7
,8
1
9

*
4
9
,0
2
7

0
.5
5

1
.0
0

*
1
0
1
,4
1
4

*
7
3
,2
2
0

0
.5
5

0
.9
1

*
1
,2
0
7

*
1
,2
6
2

0
.9
1

1
.0
0

*
1
,8
3
4

*
1
,7
8
9

1
.0
0

1
.0
0

Im
p
e
ri
a
l-
e
n
se
m
b
le
2

IT
W

W
-c
o
u
n
ty

re
p
ro

1
1
8
,1
9
3

1
0
1
,2
1
1

0
.1
7

0
.3
3

2
2
4
,2
5
8

1
9
2
,8
2
7

0
.0
8

0
.3
3

2
,4
1
0

2
,1
8
7

0
.0
0

0
.0
0

3
,8
5
4

3
,4
0
6

0
.0
0

0
.0
8

L
A
N
L
-G

ro
w
th

R
a
te

7
1
,7
6
5

4
2
,1
8
3

0
.5
0

1
.0
0

1
2
7
,1
7
8

7
4
,6
9
0

0
.0
8

0
.8
3

1
,0
2
7

6
1
6

0
.3
3

0
.9
2

1
,6
3
8

9
7
7

0
.3
3

0
.8
3

M
IM

U
W

-S
to

ch
S
E
IR

5
3
,0
5
2

4
6
,7
1
7

0
.0
8

0
.2
5

1
0
6
,4
6
5

9
6
,9
4
5

0
.0
0

0
.0
0

8
3
2

7
8
7

0
.0
0

0
.1
7

1
,1
8
6

1
,0
7
2

0
.0
0

0
.1
7

M
IT

C
o
v
id
A
n
a
ly
ti
c
s-
D
E
L
P
H
I

*
1
,5
4
0

*
1
,0
7
5

0
.1
8

0
.5
5

*
2
,5
5
8

*
1
,9
7
8

0
.0
9

0
.3
6

M
O
C
O
S
-a
g
e
n
t1

3
8
,4
7
1

3
2
,1
2
4

0
.4
2

0
.5
8

7
3
,4
6
0

5
9
,4
9
8

0
.4
2

0
.5
0

5
3
1

4
2
2

1
.0
0

1
.0
0

6
9
9

5
8
9

0
.9
2

1
.0
0

S
D
S
C

IS
G
-T

re
n
d
M

o
d
e
l

U
S
C
-S

Ik
J
a
lp
h
a

8
4
,1
0
4

7
5
,3
5
5

0
.0
8

0
.2
5

1
4
5
,6
0
3

1
3
6
,9
1
5

0
.0
8

0
.0
8

6
2
5

4
2
8

0
.3
3

0
.5
8

9
9
2

7
0
1

0
.1
7

0
.5
0

K
IT

-b
a
se
li
n
e

8
5
,5
4
4

6
9
,0
3
5

0
.0
8

0
.3
3

1
3
7
,6
4
8

1
1
6
,6
7
6

0
.0
0

0
.2
5

1
,2
8
6

9
6
5

0
.0
0

0
.3
3

2
,0
6
3

1
,6
5
8

0
.0
0

0
.3
3

K
IT

-e
x
tr
a
p
o
la
ti
o
n

b
a
se
li
n
e

9
3
,2
2
9

7
2
,7
2
7

0
.3
3

0
.5
0

1
8
4
,7
1
4

1
4
8
,6
1
6

0
.3
3

0
.3
3

1
,2
0
3

8
5
9

0
.4
2

0
.6
7

2
,0
2
1

1
,4
6
5

0
.4
2

0
.6
7

K
IT

-t
im

e
se
ri
e
s
b
a
se
li
n
e

9
5
,5
3
9

7
0
,7
3
1

0
.5
0

0
.7
5

1
8
6
,9
5
2

1
4
2
,4
3
1

0
.4
2

0
.6
7

1
,3
3
6

1
,1
3
2

0
.5
0

0
.5
0

2
,3
4
2

1
,9
6
6

0
.4
2

0
.5
8

K
IT

C
O
V
ID

h
u
b
-i
n
v
e
rs
e
w
is

e
n
se
m
b
le

6
4
,8
2
5

4
2
,2
1
3

0
.3
3

0
.8
3

1
1
6
,1
2
3

8
0
,2
2
7

0
.2
5

0
.6
7

5
6
3

3
8
1

0
.7
5

1
.0
0

9
7
9

6
2
9

0
.6
7

1
.0
0

K
IT

C
O
V
ID

h
u
b
-m

e
a
n

e
n
se
m
b
le

6
6
,3
3
1

4
2
,0
8
2

0
.3
3

0
.8
3

1
1
8
,3
7
8

8
0
,7
6
1

0
.3
3

0
.7
5

4
1
6

3
8
6

1
.0
0

1
.0
0

7
5
0

6
1
7

0
.7
5

1
.0
0

K
IT

C
O
V
ID

h
u
b
-m

e
d
ia
n

e
n
se
m
b
le

6
8
,7
0
9

4
6
,3
8
1

0
.4
2

0
.8
3

1
2
0
,2
8
5

8
5
,3
1
0

0
.2
5

0
.5
0

3
8
2

3
3
2

0
.7
5

1
.0
0

6
6
7

5
6
5

0
.6
7

1
.0
0

*
A
st
e
ri
sk

s
m
a
rk

e
n
tr
ie
s
w
h
e
re

sc
o
re
s
w
e
re

im
p
u
te
d

fo
r
a
t
le
a
st

o
n
e
w
e
e
k
.
W

e
ig
h
te
d

in
te
rv
a
l
sc
o
re
s
a
n
d

a
b
so

lu
te

e
rr
o
rs

w
e
re

im
p
u
te
d

w
it
h

th
e
w
o
rs
t
(l
a
rg

e
st
)
sc
o
re

a
ch

ie
v
e
d

b
y
a
n
y
o
th

e
r
fo
re
c
a
st

fo
r
th

e
re
sp

e
c
ti
v
e
ta

rg
e
t
a
n
d

w
e
e
k
.
M

o
d
e
ls

m
a
rk

e
d

th
u
s
re
c
e
iv
e
d

a
p
e
ss
im

is
ti
c
a
ss
e
ss
m
e
n
t

o
f
th

e
ir

p
e
rf
o
rm

a
n
c
e
.
If

a
m
o
d
e
l
c
o
v
e
re
d

le
ss

th
a
n

tw
o
th

ir
d
s
o
f
th

e
e
v
a
lu
a
ti
o
n

p
e
ri
o
d
,
re
su

lt
s
a
re

o
m
it
te
d
.

S18



Table S5: Forecast evaluation for Germany and Poland, 1 and 2 weeks ahead (incidence scale, based on JHU
data). C0.5 and C0.95 denote coverage rates of the 50% and 95% prediction intervals; AE and WIS stand for
the mean absolute error and mean weighted interval score.
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Table S6: Forecast evaluation for Germany and Poland, 3 and 4 weeks ahead (incidence scale, based on JHU
data). C0.5 and C0.95 denote coverage rates of the 50% and 95% prediction intervals; AE and WIS stand for
the mean absolute error and mean weighted interval score.
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Table S7: Forecast evaluation at the regional level, Germany and Poland, 3 and 4 weeks ahead (incidence
scale, based on RKI/MZ data). Results are averaged over the different regions (states in Germany, voivode-
ships in Poland). C0.5 and C0.95 denote coverage rates of the 50% and 95% prediction intervals; AE and
WIS stand for the mean absolute error and mean weighted interval score.
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Table S8: Forecast evaluation for Germany and Poland, pooled across evaluation periods, 1 and 2 weeks
ahead (incidence scale, based on RKI/MZ data). C0.5 and C0.95 denote coverage rates of the 50% and 95%
prediction intervals; AE and WIS stand for the mean absolute error and mean weighted interval score.
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Table S9: Forecast evaluation for Germany and Poland, pooled across evaluation periods, 3 and 4 weeks
ahead (incidence scale, based on RKI/MZ data). C0.5 and C0.95 denote coverage rates of the 50% and 95%
prediction intervals; AE and WIS stand for the mean absolute error and mean weighted interval score.
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