¢, Como contar la prediccion
probabilistica?

How to tell probabilities in weather
forecasting?

Part I: The problem with
probabilities
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/ “Why all this talk about\

uncertainty and
probabilities?

— The computer

forecasts have
never been so
\\ accurate!

When the deterministic
forecasts become more
accurate the public’s demands
will increase: more details,
better timing, longer forecasts.

So the role of uncertainty
will never go away!

-We cannot
escape
probabllity
forecasts!

Castle of Mey _'

» olornoway’

“\

N Gr'mqu on Sph
™ ‘.'
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Probability forecasting IS

1. Politically controversial

Leaves the decisions to the decision makers and they
will be unable to blame some external source

2. Sclentifically controversial

Deterministic weather models versus probabilistic.
The maths of probabilities is simple but different

3. Philosophically controversial

What is “probability”? Frequentist “objective” vs
Bayesian “subjective” statistics

ACOMET Madrid 14 June 2014 3
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1. Politically controversial
/ -We want more \

accurate
deterministic weather
forecasts — not some
bloody index that
tells how bad the

forecasts are! /

We all want more accurate
deterministic weather
forecasts.

But as long as they are not
100% perfect, knowing
their uncertainty improves

ACOMET Madrid 14 June 2014 our decisions. 4
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"The Blame Gamé or " The Passing of The Buck

Atmosphere

Scientists

Computer models|-

Forecaste‘r

A

Customer/Publig

\J

The atmospher@

Erroneous observations
misled the NWP

The NWP misled me

The forecaster misled me
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The future attitude of responsibility

Atmosphere The atmosphere @,!
. . =
Scientists Our ensemble syste

take this into accou

/\

We do not promise mo
than we can honour

Computer modefs

/\
Forecasters
mke our de@
v — on the available informati
Customer/Publi¢ T
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2. Sclentifically controversial

-Why did 1t take so long for
probability theory to develop?



In the 1500s probability theory grew out of the interest in gambling

W ¥ Stone age dices
- \ ‘Il |‘ L _.I.! :: .“!" i:r ' .r |‘I |i'.'--l .. .'.. { Il y . ! I:

But people have
gambled since the
last ice age or even
before that — so
why the delay??

ACOMET Madrid 14 June 2014 8
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This knowledge did not “spill over” into science
because people did not have any perception of randomness

ACOMET Madrid 14 June 2014 9
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The Lisbon earthquake and tsunami 1755

.l_f_i"'r

made people start doubting that
an all mighty God decides everything.

From 1750’s ideas about randomness in science

ACOMET Madrid 14 June 2014 10
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Poor understanding of The same is true

measurement errors in for forecasters in
the 1700’s our times

. Scientists (astronomers) had the 1. Many forecasters look for
habit of selecting their “best” the Model of the Day
measurement

2. Many forecasters feel
uncomfortable with more
than one NWP

. They didn’t understand that
measurement errors did not add
up and instead randomly

cancelled out .
3. The ensemble mean iIs

. They disliked averages of disliked because it does
observations since these did not not represent a possible
normally agree with individually state of the atmosphere

measured values

ACOMET Madrid 14 June 2014 11
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This leads us Iinto an even more difficult and
controversial iIssue than probabillities:

-What about any categorical _forecast information?

In statistics probability is called “The 2 " moment”
where “The 1 st moment” Is the mean or median.

A “first” or “best” categorical estimate Is
supplemented by a standard deviation/probability:

“Wind around 9 m/s, with a 30% probability of gale”

Where do we get this from???

ACOMET Madrid 14 June 2014 12
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The “"Best Data” Paradox
©UK Met Office

If probabillities are difficult to interpret and use,
they are fairly simple to produce

Categorical values, on the other hand, are easy
to interpret but, paradoxically, difficult to produce

Accurate, not “jumpy” and consistent with
probabillities, but not always “physically realistic

Should they be the ensemble mean or median, or

taken from a favoured NWP model?

“Physically realistic” but less accurate, very

“lumpy” and not consistent with the probabilities

ACOMET Madrid 14 June 2014 13
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3. Philosophically controversial:

The statistical community has, with respect to probabillities, since
long been divided into Frequentists and Bayesians

Ronald S Fisher

Harold Jeffreys
1890-1962

1891-1989

Karl Pearson
1857-1936

Robert O. Schleifer

1914-94

Jerzy Neyman Egon Pearson _ \
- 1895-1 5 . ]
1894-1981 895-1980 Leonard J. Savage Howard Raiffa 1924
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Limitation of the frequentist definition:

Before summer 2000 Concord was regarded as the world’s
safest airplane with 0% accidents (per flight hours). . .

0 1
————————— < ————————————————
100 000" 1 000 000"

— . ..after the summer 2000 crash it
became the most unsafe

1 1
————————— > ————————————————
100 000" 1 000 000"
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An other example where the frequentist application breaks down

o Denmark-Sweden footbe
:‘\Tﬂﬂ gape—

I

" After 78
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An other example where the frequentist application breaks down

P i
robAabl ity

Mental pdf of final

result after carefully
having followed and
analysed the match

>
Denmark scores more than Sweden Draw Sweden sc ores more than Denmark

ACOMET Madrid 14 June 2014 17
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An other example where the frequentist application breaks down

ProbAabiIity NeW

Information

Sweden scores a goal

>
Denmark scores more than Sweden Draw Sweden sc ores more than Denmark
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An other example where the frequentist application breaks down

P i
robAabl ity

Adjustment of the T
mental pdf to the
new information

>
Denmark scores more than Sweden Draw Sweden sc ores more than Denmark
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The subjective or Bayesian probability

A quick primer (from the 2004 movie “Shall we dance?”)

This shows that she is not an
He is L educated Bayesian!
often late =
from work ,
—he ust > ._ : All husbands
be having | /\ -
n affair - v
i
7 7 77 “. ‘v
3 < Late from work
) 2 ' ”
-4 |
- Prob (being late from work because having an affair, 70%) is greater
than Prob (having an affair among those being late from work,10%)
"y P (late | affair) > P (affair | late)
ACOMET Madrid 14 June 2014 20
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Some good books about uncertainty, Bayes and intuitive statistics

But above of all this “international best-seller”

the theory g
<2t that would
not die J/&¥
how bayes’ rule cracked
#=<. the enigma code,

PEN;AR RAPIDO,

PENSAR DESPACIO
N

B i hunted down russian p—
submarines & emerged
DANIEL Selected by the New York Thmes Book | , . 3
Review as one of the best books of 2011 tl’lumphant from tWO)]bf
A Globe and Mail Best "Books of the .
KAHNEMAN Year 2011". One of The Economis's | C€Nturies of controversy '
““““““““““““““ sononia 2011 "Books of the Year". One of The ; o L P L  gibew of The ook Semn
Wall Streef Journal's "Best Nonfiction | - Ol oerLs e y 11t B T 1 : -
Books of the Year 2011" INBSSIT Nicholas Taleb
Frrromgy | 6 duly 2013 bl 2
S . —_ 4 - 4
Good books on “intuitive IRRATIONALITYS NATE SILVER i

statistics" and “rational thinking":

Stuart Sutherland (1994):
[rrationality — The Enemy Within

The S | and the Noi
b e NATE
S1LNEF R

The Signal And The Noise

THE ART AND.SCIENCE

OF ;-:wmQWH

= >

Gerd Gigerenzer on risk and chance

ROW A MATH MTES

“The man who called it right’ s

. Hydralogy 16.July 2013
14102013 Anders Parsson Hyitratogy 18 July 2013

fnders Parsson
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A week’s course In “Intuitive statistics

Monday: The classical definition of probability
Tuesday: The freguentist definition of probability
Wednesday:The subjective probability definition
Thursday: Decision making from probabilities

Friday: The psychology of probabilities
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Monday: The classical definition of probability
helps us adding or dividing probabilities.

Estimated from
thorough e.g. the

number of ENS
20% members with rain in
fc 06-12z7 1 both periods

fc 12-18z

Prob precip 06-18z=43%
Prob precip 06-12z and 12-18z =7%

ACOMET Madrid 14 June 2014
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Tuesday: The frequentist definition of
probabilities Involves statistical calibration and
verification of probability forecasts.

-How does the “proper” Brier score (BS) “know” my true opinion?

Z(pi _Oi)2

BS=
N =2

Over N days Forecast Observed

probability event (O or 1)
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70% Is my
true belief

\4

1.0

0.0

0 50 70 90 100%

ACOMET Madrid 14 June 2014
Anders Persson

25



60% Is not my
true belief

0.0 50 70 90 100%

ACOMET Madrid 14 June 2014
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Reducing BS by -0.13 if it stays dry and
iIncreasing BS by only +0.07 if it rains
sounds like a reward by -0.06 thanks to
my “tactical”’ decision.

But according to my true belief the
chance of rain i1s 70% so those numbers
have to be weighted:

-0.13:30% + 0.07-70% = +0.01
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Wednesday: The subjective probabilities  find
many applications in forecasting..

Probability / New information

The latest
ECMWEFI

\

Adjustment of the —
mental pdf to the

new Information

Carefully considered
pdf of all available
observations and
forecast information

Below normal Normal Above normal
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Thursday: Decision making from probabillities
cannot be based on the cost-loss model only.

-What do you prefer?

-An 80% chance of winning € 1000
or

-Get € 700 directly in your hand?

According to the cost-loss model, the first
alternative is to be preferred (€800 > €700)
However, most people, even professors in
mathematical statistics, would take the € 700

ACOMET Madrid 14 June 2014 29
Anders Persson



Pleasure

How we really

N E']Qviwe tend to react
nk we
Fe".” of relactW The non-
Iosmg "‘Tinear prospect model
€200 Lose IR
encourages €100 »+*"|  The more the gains,
.+ the|grater the happiness, the
0 4
50% gamble for mofe the losses, the more
to lose €0 sure . the|unhappiness S
< Get Get :
Loss Gain
&)}.v €100 €200
N for  with 50%
o babilit
& sure proopaplity
o
‘(\Q@“Q / This curve is steeper —we
/\\(\e.\}" rather prefer to avoid a loss than
R _ to make a corresponding gain
Pain

Anders Persson
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The 2005 Trento dice game

1. A separate die Is cast to define the
probability of rain

2.1t can be 16%, 33%, 50%, 67% or 83%
(never 0% and 100%)

3. The participants can insure themselves
against the weather

4. A die with the corresponding proportion
of rain and sun Is cast

5. With the sun coming up nobody loses,
with rain those who have not insured
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Friday: The psychology of probabilities  deals
with the communication of uncertainty.

Current prob
may be small
but is 10

times larger

% than normal

More about this in the 2" lecture
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Questions?
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