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“Prozent (%) 
von was?”

Sich die Referenzklasse klar machen
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Was bedeutet “Die Wahrscheinlichkeit, 
dass es morgen regnet, ist 30 Prozent.”?

1. Es regnet morgen in 30 
Prozent der Region, für die 
diese Vorhersage gemacht 
wird. 

2. Es regnet morgen während 
30 Prozent der Zeit. 

3. Es regnet an 30 Prozent 
der Tage, für die diese 
Vorhersage gemacht wird.

3Fleischhut, Herzog, & Hertwig (2020 Weather Clim Soc https://doi.org/10.1175/WCAS-D-19-0043.1)

predict, ensuring a low number of misses can currently
only be achieved by tolerating many false alarms. Yet only
34% (experts: 60%) correctly expected more false alarms
than misses, whereas 45% (experts: 28%) falsely expected
the same number for both. Although more experts than
members of the public expected more false alarms than
misses, they nevertheless also had difficulties estimating the
absolute numbers. In fact, 72% of the experts and 87% of
the public expected too few false alarms. Both questions
reveal a conspicuously pronounced use of 50% re-
sponses. According to previous research on how people
numerically interpret verbal probability statements, re-
spondents may use ‘‘fifty–fifty’’ as an expression of un-
certainty rather than a genuine numerical estimate
(Bruine de Bruin et al. 2000). Subtracting the expected
proportions of numeric ‘‘50%’’ responses (for methods,
see Bruine de Bruin et al. 2000) from the observed
proportions revealed that an estimated 14% of respon-
dents may have used ‘‘50%’’ to express uncertainty

(‘‘I don’t know’’) about the number of false alarms and
an estimated 12%, uncertainty about missed events.2

Consistent with findings from a local sample in the
United States (Washington and Oregon), our results
indicate that people generally understand that forecasts
are uncertain, yet this appreciation alone is not sufficient
for people to estimate the degree of uncertainty (Joslyn
and Savelli 2010). To what extent uncertainty is over- or
underestimated depends on the forecast [for people’s
varying perception of other deterministic forecasts, see
Joslyn and Savelli (2010)] and should be further investi-
gated by including analogous questions for other critical
weather forecasts. Deterministic forecasts that lack any in-
dicationof uncertainty pose aproblemnot just for laypeople;
indeed, even our experts struggled to estimate the true un-
certainty of a deterministic forecast. People may expect de-
terministic forecasts to be more uncertain than they are
(Joslyn and Savelli 2010) or form overly confident expecta-
tions, as with the forecast tested here. If the true uncertainty
is not communicated, people may take unintended risks.

c. Weather literacy and awareness of climate change

Respondents indicated whether six indicators of cli-
mate change had increased, decreased, or remained
unchanged in Germany since 1880 (Fig. 3; for experts,
see Fig. B3 in appendix B). Overall, respondents
answered a median of 50% of the questions about cli-
mate change correctly (IQR 5 33%–67%) (for experts:
67%; IQR 5 50%–83%). The proportion of correct

FIG. 2. Understanding of forecast uncertainty (cf. Fig. B2 in appendix B for experts’ understanding). (a) Reference
class selected for the forecast ‘‘There is a 30% chance of rain tomorrow’’ by percentage of respondents (correct: ‘‘days with
this forecast’’). (b) Estimates of howmany local thunderstorm forecasts are not followed by an actual thunderstorm within
24h (false alarms; correct5 80%) and howmany actual thunderstorms are not forecast 24 h in advance (misses; correct5
40%).Theheatmap visualizes the joint distribution of the two estimates across respondents. The twohistogramsdisplay the
marginal distribution of the respective estimates. The light blue lines below the histograms indicate the region of estimates
that are within a range that accounts for spatial and interannual variation in Germany.

2We estimated the expected proportion of numeric ‘‘50%’’ re-
sponses as the mean of the proportions of the two neighboring
categories (proportion of ‘‘40%’’ and ‘‘60%’’ responses; see Bruine
de Bruin et al. 2000). Using this expected proportion of 50% re-
sponses in the analysis (i.e., excluding the proportion of respon-
dents who used 50% to express uncertainty) revealed slightly more
underestimation ofmisses (Mdn estimate: 30%; IQR5 20%–40%)
and even more underestimation of false alarms (Mdn estimate:
30%; IQR 5 20%–50%) in the corrected sample.
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Repräsentative Umfrage 
in Deutschland in 2017 

(N = 1.004; GFK)



Risiko-Änderungen: 
“Von wie viel zu wie viel?”

Nach absoluten Risiken fragen
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5Furedi (1999 Hum Reprod Update https://doi.org/10.1093/humupd/5.6.621)

“Antibabypille verdoppelt das Risiko von venösen Thromboembolien!”  
(UK Committee on the Safety of Medicines, 1995)

ca. 13.000 zusätzliche Abtreibungen



Risiko einer venösen Thromboembolie  
steigt bei 7.000 Frauen von 1 auf 2 Frauen 

(= +0,014 Prozentpunkte)

Antibabypille verdoppelt Risiko  
einer venösen Thromboembolie

Relatives Risiko

Absolutes Risiko
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Gigerenzer, Gaissmaier, Kurz-Milcke, Schwartz, & Woloshin (2007 Psychol Sci Public Interest https://doi.org/10.1111/j.1539-6053.2008.00033.x)

Relatives Risiko
Lipitor reduziert das Risiko um 48%

Absolutes Risiko
Lipitor reduziert das Risiko von 

2,8 auf 1,5 Fälle 
pro 100 Patient*innen 
(= 1,3 Prozentpunkte)

https://doi.org/10.1111/j.1539-6053.2008.00033.x


“Wie würde das Risiko in 
natürlichen Häufigkeiten 

aussehen?”
Sich die Implikationen von 

bedingten Wahrscheinlichkeiten klar machen
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Wie aussagekräftig ist eine übereinstimmende 
DNA-Probe zur forensischen Identifikation?

10Hoffrage, Lindsey, Hertwig, & Gigerenzer, G. (2000 Science https://doi.org/10.1126/science.290.5500.2261)

Consider the statistics AIDS counselors 
must understand and communicate. In 
Germany, the prevalence of HIV in hetero-
sexual men who are not in any known risk 
group is around 0.01 %. The false-positive 
rate of the HIV test (in which one blood 
sample is subjected to multiple tests) is 
around 0.0 I%, and its sensitivity is around 
99.9% [exact estimates vary (12)]. To ex-
plore how counselors 

SCIENCE'S COMPASS 

as health organizations inform women in 
terms of probabilities and relative risk reduc-
tion about the benefits and harms of screen-
ing, a truly informed decision is unlikely. 

Applications in Law 
Determinations of facts and verdicts in le-
gal proceedings often depend on scientific 
evidence. The communication of statistics 
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tive rate, and the 
chance that he actual-
ly had the virus if the 
test were positive (13). 
Not a single counselor 
communicated the 

Fig.· 2. Interpreting statistics. Legal experts' percentage of correct infer-
ences (left) and of guilty verdicts (right) in two criminal court case files. 

risks to the client in natural frequencies. 
Instead, they used probabilities and per-
centages, and, in the majority of the coun-
seling sessions, the information was ei-
ther inconsistent or wrong. For instance, 
one counselor estimated the base rate and 
the false-positive rate to be around 0.1 %, 
and the sensitivity to be 99.9%, and then 
stated that the client's probability of in-
fection given a positive test is also 99.9% 
(applying steps 1 to 4 above to his esti-
mates yields a probability of 50%). In 
fact, 15 out of the 20 counselors told this 
low-risk client that it is 99.9% or 100% 
certain that he has HIV if he tests positive 
(applying steps 1 to 4 to the numbers 
found in the literature yields an actual 
probability of 50%). 

Percentages can mislead in other-ways. 
For example, it may sound impressive to 
learn that mammography screening can re-
duce the risk of breast cancer fatality in 
women by 25% [for 50- to 74-year-old wom-
en (14)]: However, this percentage does not 
say anything about the actual frequencies. If 
4 out of 1000 women without symptoms die 
of breast cancer within the next 10 years 
(1 5), the relative risk reduction of 25% 
means that 1 woman in 1000 women who 
undergo screening would be saved. A wom-
an without symptoms is most likely not one 
of the 4 to whom the risk reduction applies, 
but one of the other 996 instead- and many 
of these women may suffer as a result from 
the screening. For instance, false-positives 
occur and, moreover, cancers that grow so 
slowly that they present little risk will be di-
agnosed and unnecessarily treated. As long 

is as important to the making of legal deci-
sions by judges, attorneys, forensic ex-
perts, and jurors as it is to medical deci-
sion-makers (16, 17). In considering the 
admissibility standards for scientific evi-
dence, the U.S. Supreme Court has specif-
ically indicated that courts need to consid-
er "known or potential rate of error, and 
the existence and maintenance of stan-
dards controlling the technique's opera-
tion" (18). 

In a study conducted in Germany, we 
asked 27 professionals who would soon 
qualify as judges and 127 advanced law 
students to evaluate two criminal-court 
case files involving rape (19). In both cas-
es, a DNA match was reported between a 
DNA sample from the defendant and one 
recovered from the victim. Aside from 
this evidence, there was little reason to 
suspect that the defendant was the perpe-
trator. Expert testimony reported the fre-
quency of the recovered DNA profile as 1 
in 1,000,000 and then stated that it was 
practically certain that the analysis would 
show a match for a person who indeed had 
the DNA profile (in other words, sensitivi-
ty= 100%). The expert also reported the 
rates of technical and human mishaps 
leading to false-positive results in labora-
tory tests to be about 0.003 (20). 

When these statistics were expressed as 
probabilities, only 13% of the professionals 
and under 1% of the law students correctly 
inferred the probability that the defendant 
was actually the source of the trace. But when 
the identical statistics were stated as natural 
frequencies, 68% and 44% of these same par-

ticipants made the correct inference (Fig. 2, 
left). The different ways of expressing the 
same statistical information altered the ver-
dicts in each case. When the information was 
presented as probabilities, 4 5% of the profes-
sionals and 55% of the students rendered a 
verdict of guilty, but only 32% and 33% did 
so when the same statistics were expressed as 
natural frequencies (Fig. 2, right). When ver-
dicts hinge on statistical evidence, under-
standing that evidence is crucial, and pursu-
ing this simple method of fostering statistical 
insight could contribute to that goal (21, 22) . 

Implications for Teaching 
The beneficial effects of natural frequen-
cies on statistical reasoning in the studies 
reported above occurred without training 
or instruction. Systematic training in the 
use of natural frequencies can even help 
people to reason with probabilities. The 
key is to teach representations rather than 
rules-that is to teach people how to trans-
late probabilities into natural frequencies, 
as shown in steps 1 to 4. Traditionally, 
however, students are instead taught how 
to plug probabilities into mathematical 
fQrmulas such as Bayes's rule. 

Teaching representations rather than 
rules- and expressing statistical informa-
tion in natural frequencies where ap-
propriate-can help to foster the statistical 
reasoning needed to make sound decisions. 
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risks to the client in natural frequencies. 
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centages, and, in the majority of the coun-
seling sessions, the information was ei-
ther inconsistent or wrong. For instance, 
one counselor estimated the base rate and 
the false-positive rate to be around 0.1 %, 
and the sensitivity to be 99.9%, and then 
stated that the client's probability of in-
fection given a positive test is also 99.9% 
(applying steps 1 to 4 above to his esti-
mates yields a probability of 50%). In 
fact, 15 out of the 20 counselors told this 
low-risk client that it is 99.9% or 100% 
certain that he has HIV if he tests positive 
(applying steps 1 to 4 to the numbers 
found in the literature yields an actual 
probability of 50%). 
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admissibility standards for scientific evi-
dence, the U.S. Supreme Court has specif-
ically indicated that courts need to consid-
er "known or potential rate of error, and 
the existence and maintenance of stan-
dards controlling the technique's opera-
tion" (18). 

In a study conducted in Germany, we 
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qualify as judges and 127 advanced law 
students to evaluate two criminal-court 
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DNA sample from the defendant and one 
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show a match for a person who indeed had 
the DNA profile (in other words, sensitivi-
ty= 100%). The expert also reported the 
rates of technical and human mishaps 
leading to false-positive results in labora-
tory tests to be about 0.003 (20). 

When these statistics were expressed as 
probabilities, only 13% of the professionals 
and under 1% of the law students correctly 
inferred the probability that the defendant 
was actually the source of the trace. But when 
the identical statistics were stated as natural 
frequencies, 68% and 44% of these same par-

ticipants made the correct inference (Fig. 2, 
left). The different ways of expressing the 
same statistical information altered the ver-
dicts in each case. When the information was 
presented as probabilities, 4 5% of the profes-
sionals and 55% of the students rendered a 
verdict of guilty, but only 32% and 33% did 
so when the same statistics were expressed as 
natural frequencies (Fig. 2, right). When ver-
dicts hinge on statistical evidence, under-
standing that evidence is crucial, and pursu-
ing this simple method of fostering statistical 
insight could contribute to that goal (21, 22) . 

Implications for Teaching 
The beneficial effects of natural frequen-
cies on statistical reasoning in the studies 
reported above occurred without training 
or instruction. Systematic training in the 
use of natural frequencies can even help 
people to reason with probabilities. The 
key is to teach representations rather than 
rules-that is to teach people how to trans-
late probabilities into natural frequencies, 
as shown in steps 1 to 4. Traditionally, 
however, students are instead taught how 
to plug probabilities into mathematical 
fQrmulas such as Bayes's rule. 

Teaching representations rather than 
rules- and expressing statistical informa-
tion in natural frequencies where ap-
propriate-can help to foster the statistical 
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DNA-Profil-Verbreitung: 0,0001% 
Sensitivität = 100% 

Falsch-Positiv-Rate = 0,3%
1.000.000 Personen

1
das gesuchte 

DNA-Profil
999.999

andere 
DNA-Profile

1 0

100% 
Sensitivität

996.9993.000

0,3% 
Falsch-Positiv- 

Rate

1 / (1 + 3.000) = 1 in 3.001  = 0,03%

https://doi.org/10.1126/science.290.5500.2261


Selber Bäume bauen kann trainiert werden

11Sedlmeier & Gigerenzer (2001 J Exp Psychol Gen https://doi.org/10.1037/0096-3445.130.3.380)

https://doi.org/10.1037/0096-3445.130.3.380


“Wie kann ich Risiken 
simuliert besser 

verstehen?”
Risiken durch “Risiko-Simulatoren” 

konkret erlebbar machen
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Risikosimulator: Besseres Verständnis für 
die Chancen und Risiken eines finanziellen Investitionsproduktes

13Kaufmann, Weber, & Haisley (2013 Manage Sci https://pubsonline.informs.org/doi/abs/10.1287/mnsc.1120.1607)

https://pubsonline.informs.org/doi/abs/10.1287/mnsc.1120.1607


Risikokompetenz mit Boosts stärken

- “Prozent (%) von was?” 

- “Von wie viel Risiko zu wie viel Risiko?” 

- “Wie würde das Risiko in natürlichen 
Häufigkeiten aussehen?” 

- “Wie kann ich die Risiken simuliert 
besser verstehen?”
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Eine Kombination von Massnahmen macht’s

15Der Tagesspiegel (15.02.2021)
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