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An astrostatistics lexicon ...

Cosmology

«—> Statistics

Galaxy clustering

Galaxy morphology
Galaxy luminosity fn
Power law relationships
Weak lensing morphology
Strong lensing morphology
Strong lensing timing

Faint source detection

<€—> Spatial point processes, clustering
<«—> Regression, mixture models
<€—> Gamma distribution

<€—> Pareto distribution

<—> Geostatistics, density estimation
<€—> Shape statistics

<—> Time series with lag

<€—> False Discovery Rate

Multiepoch survey lightcurves<€—> Multivariate classification

CMB spatial analysis
ACDM parameters

<—>» Markov fields, ICA, etc
<€—> Bayesian inference & model selection

Comparing data & simulation «—> Uncertainty Quantification
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Density estimation & Local regression

Fundamentals of statistical inference
Regression

Multivariate clustering & classification
Bayesian inference

Censoring & truncation

N o U A W NhE

Time series analysis

2018-8-22



Regression
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Regression

Classical regression model:

E[Y|X] = f(X,0) +¢

X: BZE 0. ZI
Y NEE e BBYLIRE

* The "error’ e is commonly assumed to be a normal
(Gaussian) i.i.d. random variable with zero mean,
e = N(0,s2). Note that all of the randomness is in
this error term; the functional relationship is
deterministic with a known mathematical form.
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5T (e.g. OLS bisector, orthogonal regression, Principal
Component Analysis).
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« $11E I AYIR 2= structural regression model’.
« B2t 775% _F B9i= 2 functional regression model’.
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Once a mathematical model is chosen, and a dataset is provided, then the
‘best fit’ parameters are estimated by one (or more) of the techniques
discussed in MSMA Chpt. 3

Method of moments

Ordinary least squares (OLS, L,)

Least absolute deviation (L,) ﬁ}f

Maximum likelihood estimation (MLE)

Bayesian inference

Seek balance between model complexity and parsimony (Occam’s Razor):
* Does the ACDM model have a w-dot term?
* Are three or four planets orbiting the star?
* |s the star cluster an isothermal sphere or ellipsoid?

Choice of model form and complexity is called 'model selection’.
Methods include: ¥2,, BIC, AIC, ...

The final model should be validated against the dataset (or other
datasets) using goodness-of-fit test (e.g. Anderson-Darling test
with bootstrap resamples for significance levels) and residual
analysis.




Regression

Examples of linear regression functions:

}F — Ji'-r:] + 131,\: + £ 1% order polynomial

Linear
Y 8, + 3) o 30 X 2 X high order polynomial

Boe™ X e exponential decay

Bo + /51 cos XL B, sin X +¢ periodic sinusoid with fixed
phase

Examples of non-linear regression functions:

i X —Bi
(—) + € power law (Pareto)
o/ Non-linear

Po
Bo+ Brcos(X + B2) + Bssin(X + o) + €
Bo+ 58X for X <z,
{ﬂg + 84X for X >z,

isothermal sphere

segmented linear
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Regression
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A better approach uses a more complicated likelihood
that includes the measurement errors & model

error, and proceeds with MLE or Bayesian inference.
See important article by Brandon C. Kelly, ApJ 2007
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But poor practice does occur:

R

— Overuse of heuristic models

— |ll-defined response variable

— Improper used of ‘'minimum chi-squared’ method

— Inadequate model selection

— Inadequate residual analysis

— Overuse of Bayesian inference with uninformative priors
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