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Why new data handling techniques? .....,

« The next generation of photometric "."';‘“’6
surveys will produce lots of data! ~ _.+*°
- In 5yrs: order 1 billion objects ‘."‘ _
- In 15 yrs: order 10 billion obj,ec’ts 6
o« New spectroscopic sury.eys will more |
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Implications for survey science

o There are no spectroscopic redshifts

- Redshift information must be accessed on other
ways - photometric (better: statistical) redshifts

o There are no spectral classifications

- Classification of an object must be inferred on other
ways = Flux ratios or SED-fitting (better: kNN
classification) becomes more important

e There are no spectroscopically derived
parameters

- Classic parameters such as metallicity must be
derived on other ways — scaling relations (better:
kNN regression) must be utilized
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Why bother?

o Exact classifications and (at least) coarse redshifts

are crucial for a large variety of science cases:

Example: Padovani et. Al (2011) 3
— LFs for RL & RQ AGN and SFGs T
— RQ AGN resemble SFGs

Co-evolution of AGN and their hosts
Most cosmology stuff

The cosmic star formation history
Luminosity functions / number counts
The radio/FIR correlation

|

o RL AGN =1

= RL AGN P<10*® W/Hz, no ev.-

O RQ AGN
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Common approaches

o Define plain color criteria
« Model SEDs

o Look for morphology, scalmg
relations, ...

o PROS' ¢"‘

- Well-known :>‘1ots of
mans

- Easy to untferstax
dlmenﬁlonal selec criteri
° CONS an
o GIob al models ber r@%
everyﬂ\lng ‘."
- Hardly appllcab to 5|qnal data
sets o’

- Require maSSJV ce,sslng .
- Most crlterlap ca ymohvated
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Our approach: k nearest neighbors

A
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Example 1: kNN redshifts

o KNN-z for ATLAS

- ATLAS has spec-z for ~30% of all
objects

- Training with 12-band data
(ugriz,IRAC,MIPS24,13cm,20cm)
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|

K Advantages of statistical redshifts

No assumptions must be made (no template SEDs,
luminosity range, dust reddening, flux
homogenization, ...)

Computation much faster than for class. photo-z (t
zN n*logz(n) | tphoto—ZN na’ (1>2)

stat-
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Redshift estimation for SDSS quasars
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Example 2: object classification

. wmussar/| l | o SF/ AGN separation

ol T N - Classical tool: BPT-diagram (requires
3 e > spectroscopy)
< os} . ':1-“" " .t AA 2252 - Alternative: MIR color-color selection
4 3 o | £ (not very reliable)
€ o L o aomaan | ... - SED fitting (work-intensive)

125
0012, o,

kNN-based classification of ATLAS test-sample

yields combined false classification rate of

9%, SF: 128 AGN: 116
_ _ . . by chance success rate: 0.524590163934
Smolcic et al. (2008) achieve contamination SF-sF: 122 SF-AGN: 6  AGN-SF: 16 | AGN-AGN: 160

o o . . overall success rate: 0.909836065574
rates between 15% - 20% using a highly (.. sr. o 655737764918

sophisticated photometric method false AGN: ©.06245901639344
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om

Classification obstacles

15F [} A‘TLASSFV 1 . ) .
L st acn]| [l Different classification methods
o might give you different
. classifications!
05} -) A \
) A Example: “hidden” AGN
vol ek b DererQooyAGN | Xseq: 179637
: - 1000F < pi2a_13 z= 0.932
05 A = spiral
. . . . ) = 100 F
00715 100(Sham Ssom) 2
ij - 10 3
L(1.4GHz) = 5x10%° W/Hz "E . . .
3hazmaas 208 18° 168 1 10 100
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« Astrophysical obstacle:
At high redshift, AGN activity and star formation are closely linked
(e.g. Mullaney et al. 2012, Rovilos et al. 2012, PCZ et al. in prep.)
« Economical obstacle:
cross-matches for the entire electromagnetic spectrum needed
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Example 3: metallicity

o Metallicity from L-Z relation

Spectroscopic input: SDSS metallicities as derived -

om

o Metallicity from kNN regression

- Spectroscopic input: SDSS metallici-ties
by Brinchman et al. (2004) derived by Brinchman+ (2004)
- L-Zrelation calibrated by the 2dF survey - kNN regression with respect to the 90 nearest
(Lamareille et al. 2004) applied to Galactic neighbors
extinction-corrected fluxes - No other assumptions made
- No other assumptions made
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Example 4: stock market

GOOG (Google, Inc.) Nasdaq ¢S

3-0ct-2003 Op 397.35 Hi 412.50 Lo 383.07 CI 386.91 \
lel GOOG (Daily) 386.91
!

6 | i 10M
o |10 "n'-‘ --‘I'- 'f'h"l“m" li'l 5hd
~ May Aug Sep Oct
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Summary

« We presented the first results of utilizing advanced machine-
learning techniques to classify/analyze large data sets.

« Dealing with large data sets will become increasingly important due
to the enormous amounts of data forthcoming surveys will
produce.

« Ak nearest neighbor-based approach was tested on available
data from ATLAS, COSMOS and the SDSS.

« Results for redshifts, object classifications and the regressional
computation of astrophysical quantities (e.g. metallicity) all yield
promising resulits.

« Data-mining will already play an important role in currently upcoming
projects, e.g. ASKAP/EMU.
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