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MCMC Coffee - Season 1

Inﬁradm:&orv sessions

61/09/2016 Jorge Lillo-Box Descriptive statistics 3.1 to 3.3
Central Limik theorem + correlation

16/09/2016  Daniel Asmus e e i 3.4 to 3.6
i i coetficients |

| LE 1 L id Al Lk
29/09/2016 = Bruwno Dias i (S?Mmia N S:OO S ] e 42 to 4.8
| g confidence estimates) |

........................................................................................................................................................................................................................................................................................................................

MLE 2 (hypothesis testing, model comparison, L

06/10/2016 i :
s ; non-parametric avxai.vscs)

R7/10/201& Bayesian Inference 1 (Bave.s theorem, préors) §.1 to 5.2

10/11/2016 Bayesian Inference 2 (model selection) §3 to 55

24./11/2016 MCMC me&kods. (sotmpi..i,sf\g the Pos&erior )
distribution) |
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Statistics, Data Mining,
and Machine Learning
LA AsEromomv

L. Ivezic, AJ. Cosr\ouj, i
Vanderplass & A, Gray

htkp: //www.sc.eso.org/
~jlillobo/meme_coffee/

PRINCETON SERIES IN MODERN OBSERVATIONAL ASTRONOMY

A Practical Python Guide for the Analysis of Survey Data




Statistics, Data Mining,
and Machine Learning

PRINCETON SERIES IN MODERN OBSERVATIONAL ASTRONOMY

MCMC Coffee

More Coffee More Confidence

Links on Astrostatistics

Name Description
PyCoffee
astroML

Astrostatistics and Astroinformatics
Portal

USEFUL LINKS

Python coffee sessions taking place at ESO-Vitacura and organized by B. Dias, J. Milli, and D. Moser.
Python package to solve practical problems in Astronomy.

New web site serving the cross-disciplinary communities of astronomers, statisticians and computer scientists. It is
intended to foster research into advanced methodologies for astronomical research, and to promulgate such

methods into the broader astronomy community

Books on Astrostatistics

Title Author

Zeljko Ivezi¢, Andrew J.
Connolly, Jacob T.
VanderPlas & Alexander
Gray

Statistics, Data Mining, and Machine
Learning in Astronomy

Abstract

Statistics, Data Mining, and Machine Learning in Astronomy presents a wealth
of practical analysis problems, evaluates techniques for solving them, and
explains how to use various approaches for different types and sizes of data
sets. For all applications described in the book, Python code and example data
sets are provided. The supporting data sets have been carefully selected from
contemporary astronomical surveys (for example, the Sloan Digital Sky Survey)
and are easy to download and use. The accompanying Python code is publicly
available, well documented, and follows uniform coding standards. Together,
the data sets and code enable readers to reproduce all the figures and
examples, evaluate the methods, and adapt them to their own fields of interest.

VileTallluai alriaing A LNl ) #TLANL A 1 A ZialalizEe




Random variables

Random variable:
“A variable whose value results from the

measurement of a quantity that is subject to
random variations”

e.q.. bias level in a CCD, flux of a
skar, radial velocity

20% flux error .

?’roba\biu%v densiby function (Fdﬂ

“Probability value ascribed to each
outcome of the random variable!

Associakted with univariative
distributions (uniform, Gaussian,
binomial, gamma, ete.)




Random variables

Transformation of random variables

Be careful! Properties are not always preserved

20% flux error mag = —2.5log,(flux)




‘Pcwg?ut&&mm VS, S&mpte stakiskics

Po yutaﬁaw can be

u described by a

/ distribution function £(x)

£.9.: the bias level of a
CCD wikth 1024-x1024
F.'E,xais j

Sample: a finite number
of measurements

£.9.: a subsample of the
CCD of 20%x20 pixels



?’QPMMROM VS, $amp£@. stakiskics

How do you describe a population?
How do you describe a sample?

What are the typical shapes of the
population distributions?

How large has to be my sampi.e to
properi.v reprasev& the Fmpui.a&ah?

What does “propeﬂv T@.F"l"QSQM&” mean?



Properties defining a populakion

Aribthmetic wmean Vartance and sktandard deviakion
M:/—oo zh(z)dz V:/ (x — p)2h(z)dz
o=V
Mode Skewiness
dh €T o0 & 3
() w0 s
] Tm ke o
Percentile Kurtosis

p:/_q;h(:z;)dx K:/_O; <$0M>4h(x)dm—3



Properties defining a populakion
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Properties defining a populakion
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Properties defining a populakion
Income distribution in Spain

Mode (15.433,14 €)

Median (19.026,66 €)

Mean (22.697,86 €)

20.000 40.000 60.000 80.000 100.000
Income per person per year (€)

/O 1 cdf (I)dI = / b cdf (I)dI

= 0.0

The 10% richest earns the same as the &0% go»c:-res&



Properties defining a populakion

Arithmwelic mean Variance and skandard deviakion
e /_oo e Ve / (z — w)*h(x)dz
o=V
SO«M?L& arithmwebic mean Samg.?te skandard deviakion

g N
:L‘:N;% Sz\ﬁZ(a}i—;ﬁ)Z

ke o 1\/ N
VN N 1 C



True values vs. Eskimabors

A. genetic variation
in unselected gene

popui&&iah
p, 0
population
population | | ; |
SO‘MF”'@' Estimators are characterized
. s by a bias and a variance

MSE = V + bias?

Consistent estimabtor: biasV — 5 o
N—



True values vs. Eskimabors

How large a sample is required
to obtain a given accuracy in
our estimator?

What is a good estimator?

(@fﬂfﬁtiéhﬁj)

Ideal case: subsampt& drawia
from a Graussian distribution

Omedian — 1-250-mean

The mean is more efficient
than the median

Ceoal cose: real daka

Outliers make the median a
much more efficient estimakor
of the Location

The EM&QT‘QM&T‘%ELQ (Q‘?{S“ﬂZfs) LS Q
more robust estimator of the
scale parame&er

oG — 0.7413(Q75 S QQ5)



St mMary

Skatistics is about dealing with random variables and
describing their probability distributions

Statistics is about trying to inferr the true values of a
population from cstimalbors of a given sample

Describing a Pogum&mn/sampi.e consists of F?rc;vi,c'kiv\g a
location (mean, median, mode) and a scale parameter
(variance, sikewiness, kurtosis).

Samples are decribed by estimators. Their election is critical
to accurately inferr the population properties



Suggested topics for the near future...

e Selection of priors

¢ Periodoqgrams

o Interpreting the posterior probability

¢ Properly presenting your MCMC results
eHistograms (bin width selection)

oKerhel density estimators

o Computling the evidence from MCMC chains
® Model comparisson

eNoise colors {red noise, white noise, ete.)



Univariakive diskribukions

Uniform
Graussiain
Rinomial
Poisson
Ch&wsquare
RBeba
Fischer

Cravvinaa



Univariakive diskribukions

Uniform Distribution

Unitorm
Graussiain
Rinomial
Poisson
Ch&wsquare
RBeba
Fischer
Gramma

[ 3 W

constrained values.
e.q.: date of birth {o,365}



Univariakive diskribukions

Gaussian Distribution

Uniform
raussian
Rinomial
Poisson
Ch&wsquare
RBeba
Fischer

Cravvinaa

The number of particles whose
vei.o&i&v Llies between x and x + dx
LS & gaussian distribubtion




Univariakive diskribukions

Uniform
Graussiain
Binomial
Poisson
Ch&wsquare
RBeba
Fischer

Cravvinaa

x can fjust take discrete values
(integers). e.q.: flipping a coin

{heads,tails}

Binomial Distribution

p(k|b, N)

— b =0.2, n =20
- b=06,n=20
b=0.6, n=40

N!

~ k(N = k)

bk (1 _ b)N—k




Univariakive diskribukions

Poisson Distribution

Uniform
Graussiain
Rinomial
Poissown
Ch&wsquare
RBeba
Fischer

Cravvinaa

e.q. the distribution of the
number of photons counted in a
time interval.




Univariakive diskribukions

x? Distribution

Uniform
Graussian
Rinomial
Poisson
Chimsquara
RBeba
Fischer
Gramma

[ 3 W

1

p(Qlk) = x*(Qlk) = Q**! exp(—Q/2) for Q > 0,

2K2T (k/2)




Univariakive diskribukions

Beta Distribution
a=05 =05

UME‘{OTM ' a=15 8=15
. a=30 =30

a=05 =15

Graussian
Rinomial
Poisson
Ch&wsquare
Beta
Fischer
Gramma

[ 3 W




Univariakive diskribukions

Fisher’s Distribution

Uniform
Graussian
Rinomial
Poisson
Ch&wsquare
RBeba
Fischer
Gramma

[ 3 W




Univariakive diskribukions

— k=1.0,9=2.0
k=20,0=1.0

k=3.0,0=10
k=25.0,60=05

Uniform
Graussiain
Rinomial
Poisson
Ch&wsquare
RBeba
Fischer
Gramma

[ 3 W

Gamma Distribution




