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Excess deaths as a forecasting challenge

Percent excess deaths

Percent excess deaths Germany 2020w1 through 2022 under different baseline models
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Excess deaths as a forecasting challenge

How many deaths in a week had C19 not occurred?
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Excess deaths as a forecasting challenge
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Excess deaths as a forecasting challenge
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The logic of out-of-sample validation
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Excess deaths as a forecasting challenge
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Excess deaths as a forecasting challenge
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Excess deaths as a forecasting challenge
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The logic of out-of-sample validation

Cross-validation
The prediction error of your model is
estimated from out of sample validation on known data.
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log(observed / predicted)
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The logic of out-of-sample validation
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The logic of out-of-sample validation

Cross-validation
The prediction error of your model is
estimated from out of sample validation on known data.

Empirical prediction intervals
The distribution of prediction errors of your model is
estimated from out of sample validation on known data.

You're model is only as precise as has been
demonstrated on a comparable forecasting challenge.
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Some history

1971 Williams & Goodman

A Simple Method for the Construction of

Empirical Confidence Limits for Economic Forecasts
Journal of the American Statistical Association
doi.org/10.2307/2284223

X 12
Yo = yib 4 Yal? + P w1 B + ¢

A simple method for the construction of empirical confidence infervals for time
series forecasts is described. The procedure is to go through the series making o
forecast from each point in time. The comparison of these forecasts with the known
actuel observations will yield an empirical distribution of forecasting errors. This
distribution can then be used to set confidence intervals for subsequent forecasts.
The technique appears to be particularly useful when the mechanism generating
the series cannot be fully identified from the avcilable data or when limits bosed

on more standord considerctions are difficult to obtain.
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Some history

1983 Stoto

The Accuracy of Population Projections

Journal of the American Statistical Association
doi.org/10.1080/01621459.1983.10477916

T
Pr = Pyexp J; r(t)dt .

The average growth rate over the projection period is
_ 1T
r_?erm,

Population projections are key elements of many planning
and policy studies but are inherently inaccurate. This
study of past population projection errors provides a
means for constructing confidence intervals for future
projections. We first define a statistic to measure pro-
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1986 Cohen
Population forecasts and confidence intervals for Sweden:
a comparison of model-based and empirical approaches

Demography

doi.org/10.2307/2061412

1987 Smith 1987 Mandrakis & Hibon

Tests of Forecast Accuracy and Bias for County Confidence Intervals. An Empirical Investigation of the
Population Projections Series in the M-Competition

Journal of the American Statistical Association International Journal of Forecasting
doi.org/10.1080/01621459.1987.10478528 doi.org/10.1016/0169-2070(87)90045-8

1988 Smith

Stability over time in the distribution of
population forecast errors
Demography
doi.org/10.2307/2061544
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https://doi.org/10.2307/2061544
https://doi.org/10.1016/0169-2070(87)90045-8

2008 Shafer & Vovk
A Tutorial on Conformal Prediction

Journal of Machine Learning Research
doi.org/10.5555/1390681.1390693

“Conformal prediction uses past experience to determine
precise levels of confidence in new predictions.”
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Modeling the distribution of empirical errors
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Modeling the distribution of empirical errors
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Modeling the distribution of empirical errors

~~~
=] Birth to 36 months: Boys NAME
3 Length-for-age and Weight-for-age percentiles RECORD #
Q2 Bith 3 6 9 12 15 18 21 24 27 30
-8 :i':Eﬂm T aGE monms) - T
- E = o i e ==t L
o 43 10 " =
3 9- =5 G
< o e i e = T
m H
5 0.2- Agamlss| - = -
2 The WHO Multicentre Growth Reference t T
o Study Group adopted GAMLSS and the - —
g’ BCPE distributions for the construction of % £ " =
o L o
- the WHO Child Growth Standards i 2
S
T VI
H / =
4 w
Y E
/7 1
0.1 7 A G
& = H
| L~ T
a ~
Il —
5 - — S e 10+ 224
A A P = -
™ ] 95 201
/i 7 ! 18
- i
E ) I', =D = S e i e el A 1
S AGE (MONT : 1
00 Liael i tizHis it teiFaator 13011337736 =
. 1 ’: 4 Mothar's Sta Gestatianal
v 1o i/ Father's Stat Age Weeks Comment
: s [ mow T 7er T e T Tongth | Fese G|
Birth
G |Ho
v =
Tls
BT :
Brth 3 6 9 -
_01 T & ;:;T;m.;i::ﬂiziﬁ;:;mmPm:::‘n‘:[;dnﬁ;nnn Promation {2000). e e

0 25 50 75 100
Weeks into forecasting period

Scholey & Duerst - Empirical prediction intervals



Modeling the distribution of empirical errors
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log(observed / predicted)

Modeling the distribution of empirical errors
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Modeling the distribution of empirical errors
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Modeling the distribution of empirical errors
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Evaluating the prediction interval

6.2 Interval Score

Interval forecasts form a crucial special case of quantile pre-
diction. We consider the classical case of the central (1 — «) x
100% prediction interval, with lower and upper endpoints that
are the predictive quantiles at level 5 and 1 — 5. We denote a
scoring rule for the associated interval forecast by S, ([, u; x),
where [ and u represent for the quoted 5 and 1 — 5 quantiles.
Thus, if the forecaster quotes the (1 — ) x 100% central predic-
tion interval [/, #] and x materializes, then his or her score will
be Se (I, u; x). Putting oy = 5, 00 = 1 — 3, 51(x) = 52(x) = 27,
and h(x) = —22 in (42), and reversing the sign of the scoring
rule, yields the negatively oriented interval score,

S0 )

=w—0H+4+ C%(l —x)1l{x<l}+ C%(x —u)l{x>u}. (43)

Gneiting & Raftery (2007). Strictly Proper Scoring Rules. 10.1198/016214506000001437
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Evaluating the prediction interval

6.2 Interval Score

Interval forecasts form a crucial special case of quantile pre- Prediction interval with
diction. We consider the classical case of the central (1 —«) x 90% nominal coverage
100% prediction interval, with lower and upper endpoints that
are the predictive quantiles at level 5 and 1 — 5. We denote a

scoring rule for the associated interval forecast by S, ([, u; x),
where [ and u represent for the quoted 5 and 1 — 5 quantiles. Coverage NB ~87%

Thus, if the forecaster quotes the (1 —«) x 100% central predic- Interval Score NB ~5979
tion interval [/, #] and x materializes, then his or her score will

be Se (I, u; x). Putting oy = 5, 00 = 1 — 3, 51(x) = 52(x) = 27,
and h(x) = —22 in (42), and reversing the sign of the scoring
rule, yields the negatively oriented interval score,

S0 )
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Evaluating the prediction interval

6.2 Interval Score

Interval forecasts form a crucial special case of quantile pre- Prediction interval with
diction. We consider the classical case of the central (1 —«) x 90% nominal coverage
100% prediction interval, with lower and upper endpoints that
are the predictive quantiles at level 5 and 1 — 5. We denote a
scoring rule for the associated interval forecast by S, ([, u; x),

where [ and u represent for the quoted 5 and 1 — 5 quantiles. Coverage NB ~87%

Thus, if the forecaster quotes the (1 —«) x 100% central predic- Interval Score NB ~5979
tion interval [/, #] and x materializes, then his or her score will

be Se (I, u; x). Putting oy = 5, 00 = 1 — 3, 51(x) = 52(x) = 27,

and h(x) = —22 in (42), and reversing the sign of the scoring Coverage SNO ~92%

rule, yields the negatively oriented interval score, Interval Score SNO ~4815
Sg‘t(l, wsx)

=l c%(.1 —x)1{x <} + é(x —w)lfx>u}. (43)

Gneiting & Raftery (2007). Strictly Proper Scoring Rules. 10.1198/016214506000001437
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Excess deaths as a forecasting challenge

Percent excess deaths

Percent excess deaths Germany 2020w1 through 2022 under different baseline models
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Excess deaths as a forecasting challenge
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Excess deaths as a forecasting challenge

p-value of 10% excess deaths given HO: "continuation of past trends"
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Reproducible analysis
github.com/jschoeley

Jonas Scholey

YW @jschoeley
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