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Astronomical observational parameter space

Flux
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(Credit: G. Djorgvski)
Along each axis the measurements are characterized by the position, extent, sampling and
resolution. From a mathematical point of view any observation is just a point or a manifold in
RN (with metrics that might be not euclidean.)

[ All astronomical measurements span some volume in
this parameter space. Until now, discoveries were made
along some of these axes or in little projected regions of the
_ space, but now new tools and techniques are available.
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Tools for astronomy

(Clustering & pattern recognition (e.g. structure selection’
in both real and parameter space)

Classification (e.g. star/galaxy classification, AGNs
selection)

\Regression (e.g. photometric redshift) }

Potential for < > Noyj (data volume) < > Big surveys
discovery .

surveys Connectlons) Data federation

Data Mining algorithms scale very badly: Computing power is a finite resource:

A 2 .2
Clustering ~ Nlog(N) x N2, ~D Dimensionality reduction and\or

I ~yY ~yY k
Correlgtlon§ _N log(N) x N2, ~ Dk (k =1) algorithm optimization are needed.
Bayesian Likelihood ~Nm (m =3), ~ Dk (k=1)
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Tools for astronomy

(Clustering & pattern recognition (e.g. structure selection’
in both real and parameter space)

Classification (e.g. star/galaxy classification, AGNs
selection)

\Regression (e.g. photometric redshift) 3

Potential for < > Noy; (data volume) < >
discovery

Sur\,eys (connections)

Data Mining algorithms scale very badly: Computing power is a finite resource:
. 1 2 2, 2
glUStelrltr_\Q N Il\cl)?(N)NX N s, D o T Dimensionality reduction and\or
orrelations ~ N log(N) x N2, ~ (k=1) algorithm optimization are needed.

Bayesian Likelihood ~Nm (m =3), ~ Dk (k=1)
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The strategy for QSOs and AGNs selection

The scientific start-up: only a small fraction of the QSOs predicted by models and X-ray
observations are found in optical and infrared surveys. Data mining techniques can be
used to exploit both the abundance of optical\infrared data and the accuracy and windows
opened by other-than-optical observations.

In addition, QSOs identification and AGNs classification are complex topics which offer a
challenge for the effectiveness of data mining algorithms in astronomy.

. QSOs identification: to avoid the risk of loosing objects due to\

misleading or incomplete classification schemes, unsupervised
approaches are to be preferred (by-product: serendipitous discovery
of outliers and rare objects).

 AGNs classification: a more classical selection algorithm learning
how to classify AGNs “by example” can be applied to this kind of
problem. The efficiency of selection depends on the parameters and
_the BoK chosen for the training.

J
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Several algorithms for “general purpose” photometric identification of candidate

Photometric selection of QSQOs

QSOs select sources according to different techniques exist.

- Optical surveys: looking for counterparts of strong radio sources (but only ~

10% of QSO are radio-loud).

- Ultraviolet and optical surveys: looking for star-like sources bluer than stars.

 Multi-colour surveys: looking for star-like objects in colour parameter space
lying outside compact regions (“star locus”) occupied by stars.

Overall performances of a generic targeting algorithm are expressed

by two parameters:
( )
candidate quasars identified by the algorithm
Completeness 5 a priori known quasars
Effici _ confirmed quasars identified by the algorithm
¥ Alig” € = “candidate guasars selected by the algorithm 3
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Several algorithms for “general purpose” photometric identification of candidate

Photometric selection of QSOs

QSOs select sources according to different techniques exist.

« Optical su
10% of QS

oklrg éggr:roirﬁe ﬁ'] of rg,éorﬁ ﬁdlo Hc@?.gtl>only~

- Ultraviolet and optical surveys: looking for star-like sources bluer than stars.

 Multi-colour surveys: looking for star-like objects in colour parameter space
lying outside compact regions (“star locus”) occupied by stars.

Overall performances of a generic targeting algorithm are expressed

by two

parameters:

-

&

Completeness

Efficiency

candidate quasars identified by the algorithm /)

a priori kKnown quasars

confirmed quasars identified by the algorithm

€ = “candidate quasars selected by the algorithm
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Photometric selection of QSOs

Several algorithms for “general purpose” photometric identification of candidate
QSOs select sources according to different techniques exist.

« Optical su okln orjcoun of stro dig_sourc only ~
1o ot ash O LR ANV S e iR s ErETral)
» Ultraviolet and optical surveys: Iool@@@dr-like sources bluer than stars.

 Multi-colour surveys: looking for star-like objects in colour parameter space
lying outside compact regions (“sta D@d&cupied by stars.

Overall performances of a generic targeting algorithm are expressed
by two parameters:

-

Completeness A candidate quasars identified by the algorithm

a priori known quasars

_ confirmed quasars identified by the algorithm
€ = “candidate guasars selected by the algorithm 3

Efficiency

&
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SDSS QSOs targeting algorithm (1)

SDSS QSO candidate selection algorithm [Richards et al. 2002] targets star-like objects as
QSO candidate according to their position in the SDSS colours space (u-g,8-r,r-i,i-z), if one
of these requirements is satisfied:

Object from the SDSS Photometric Catalog]

' ves w. > QSOs are supposed to be
placed >40 far from a
| cylindrical region containing
i Balecion the “stellar locus” (S.L.), where
T e B e o depends on photometric errors.

QS0 _ ' R %
REJEC N Set QSO_REJECT, |,

| No
;»|Ill{s| atch? —— Reject

.:“_,/,-.f H'('-lt-.-tiunijl lﬁ'im'f: Selection A} "2‘ O R
B s
| o i | et | || » QSOs are supposed to be

“.‘!f-’ E UVX || mid-z | red
stella 1|%lx | > ]”f-i}'l—'.

stellar || region || region | outlier

=N oo | roon [ ogon | | placed inside the inclusion
]'l‘\ ¢ 3 ”‘ : 3| [ ?.\ regi(_)ns, even if not meeting the
or top ged | y y  OUTLIER previous requirement.
"‘Q\'(‘)\_ II”” \\n(: u\\nl)u ded_ bl {fl\\(()lt (C = 95%, e = 650/:
DR ',\ \ | OUTLIER (integrated)
Accept Accept Accept \_

QS0_CAP QSO_H1Z QSO_FIRST_-CAP _ . .
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SDSS QSO0s targeting algorithm (1)

SDSS QSO candidate selection algorithm [Richards et al. 2002] targets star-like objects as
QSO candidate according to their position in the SDSS colours space (u-g,8-r,r-i,i-z), if one
of these requirements is satisfied:

Object from the SDSS Photon

wetric Catalog

\‘(‘.\
Reject
Yes
||{ o Selection)
) Yes : . ‘es = :
leject In a Reject box? [ {Infa Reject box? |
QSO _ . I -
REJECT N Set QSO_REJE "5y b
No
II-II{HI atch? —— Reject
T —, \
i Selection ) iriz Selection ) e
] Stellar? | —— Reject
s |
not m‘ in in tgr | nc l in|[ in in Y
gr ‘ UVX || mid-z red q “ gr ez e
st 11 || region || region | outlier | sge n 1“11 | » | high—: ;
locus ‘ : locus region region
Y ; Y
o | v ¢ . |
A \ \ \ 4 < 19.1| No
— 4 X :1* e o e qE ‘—*Htl t
il extended: (8 not B s, | Q50
! g'ii]. colon [ blue b
S tan wad 1 MAG_
L ”f’\]“ 2 Y Y OUTLIER
(S i € e
. | S
Al \ T
. No|tpss_derea < 19.1 s dered < 20.2 AND &7 0 > 15.0 No Reject
teject~— it > 15.0 AND not extended Q50_
Q30 — Yy MAG
MAG._ 1Y e OUTLIER
JUTLIER l: '
.\l'(Y(']ﬂ .\('l"t‘pl .\«'l"l‘pl
QSO_CAP QSO_HIZ QSP_FIRST_CAP
\ QSO SKIRT Qy FIRST SKIRT

- QSOs are supposed to be
placed >40 far from a
cylindrical region containing
the “stellar locus” (S.L.), where
o depends on photometric errors.

OR

» QSOs are supposed to be
placed inside the Iinclusion
regions, even if not meeting the
previous requirement.

(c =95%, e = 65°/<:
(integrated)
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SDSS QSOs targeting algorithm (11)

" 1. Defined as inclusion regions are regions where S.L. meets QSO’s area (due to

absorption from Lya forest entering the SDSS filters, which change continuum power
spectrum power law spectral index). All objects in these areas are selected so to
sample the [2.2, 3.0] redshift range (where QSO density is also declining), but at the
cost of a worse efficiency [Richards et al. 2001].

2. Defined as exclusion regions are those regions outside the main “stellar locus”
clearly populated by stars only (usually WDs). All objects in these regions are
_discarded. |
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Unsupervised clustering for QSOs

Our candidate QSO selection algorithm is based on unsupervised clustering inside
colours space and exploits mixed (spectroscopic+photometric) datasets. Once clusters
have been somehow detected, knowledge-base (spectroscopic types) is used (i.e., “labels”
associated to objects within each cluster) to understand the mixture of objects contained in
each cluster and to perform a statistical analysis.

(] )
Parameter space Par_ameter space Pararr!‘eter SPAoY
with clusters with “labelled
0;0 0;1 0;2 0;3 0;4 U..S clusters

Clustering
algorithms

|
1631 2381 1213508 &7 12T )
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The algorithm as a whole

Clustering is usually performed on single objects, but this approach may be too sensitive
to single outliers to be extensively used in highly non linear parameter space as astronomical
ones. We perform a pre-clustering on the real distribution of points inside the parameter
space, and then used a clustering algorithm to aggregate the pre-clusters produced.

kil Pre-clustering algorithm: this phase can be accomplished performing a reduction of |
dimension of the feature space; this reduction via feature extraction/selection can be
supervised or unsupervised (our choice in unsupervised).

2. Agglomerative clustering: both distance definition and a linkage model (simple,
average, complete, Wards, etc.) need to be provided to perform clustering. o

o

A high number of initial latent bases (i.e. clusters from PPS) is good for almost all
applications (empty clusters, if any, can be discarded); critical values for Di, are classically
determined by two similar methods both embodying a stability criterion:

~ )
1. Plateau analysis: final number of clusters N(D) is calculated over a large interval of D,

and critical value(s) D are those for which a plateau is visible.

2. Dendrogram analysis: the stability threshold(s) D, can be determined observing the
number of branches at different levels of the graph.
- J
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The algorithm as a whole

1. PPS determines a large number of distinct groups of objects: nearby clusters in the
colours space are mapped onto the surface of a sphere.

2. NEC aggregates clusters from PPS to a (a-priori unknown) number of final clusters.

3. These clusters are examined and “interesting” ones are selected through the Base of
knowledge.

Two free parameters to be set are the number of latent variables
for PPS (“resolution” of the initial clustering) and the critical value(s)

of dissimilarity threshold D:, for NEC.

A high number of initial latent bases (i.e. clusters from PPS) is good for almost all
applications (empty clusters, if any, can be discarded); critical values for Di, are classically
determined by two similar methods both embodying a stability criterion:

g a
1. Plateau analysis: final number of clusters N(D) is calculated over a large interval of D,
and critical value(s) D are those for which a plateau is visible.

2. Dendrogram analysis: the stability threshold(s) D, can be determined observing the
number of branches at different levels of the graph.
4 J
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Unsupervised clustering for QSOs

The Probabilistic Principal Surfaces model [Chang i N\

2000] belongs to the family of the so called “latent

! < |
variables” methods and can be regarded as an | 4 o \
extension of the Generative Topographic . R )
Mapping. oo
A B S

p(t, x) = p(x) p(t Ix)

SR <i y(x; y) defines a manifold in the data space
vl given by the image of the latent space.

NEC

Unsupervised clustering method based on
“negative entropy”, an inverse measure of

the gaussianity of a distribution. S(px) = - f Px (U)log (px(u))du

NegE(py) = S(Px) - S(Px)

(For each couple of contiguous clusters A
and B in the sample, these two relations E NegE(A u B) < NegE(A) + NegE(B)

are checked. Iff at least one is true, A and NegE(A u B) < Di

B are replaced by C=A U B. )
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Tuning of the method

( . . A )
Once partition of colours space is completed (as a function of D),
clusters mainly populated by QSOs (according to the knowledge-base
at our disposal) are selected and informations about these clusters

are exploited for selection of QSOs candidates.

J

To determine the critical dissimilarity D threshold we rely not only on a stability requirement.
I ! Def its fraction of confirmed QSO
cluster is “successful <:> oy !
Is higher then a fixed value
we ask Di to maximise the Normalised Success Ratio (NSR):

Number of successful clusters
Number of total clusters

NSR =

The process is recursive: feeding merged unsuccessful clusters in the clustering pipeline until
no other successful clusters are found. The overall efficiency of the process et is the sum of
weighed efficiencies e; for each generation:

n
Etot= ) ei

>
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Selection of new candidates

Different methods for the
av extraction of QSOs candidates
1

Start
spectroscopic
data

£N

i “Re-labelling”: both spectroscopic and
PPS photometric objects put into the same
i Bereraten of clusteig clustering process: candidate QSOs are
selected as those objects belonging to

NEC * clusters where spectroscopic confirmed

QSOs (“tracers”) are found.

Se'ebcg's(?[” it N » “Photometric cuts”: “goal-successful”
clusterization clusters are described in terms of their

colours distribution; associated cuts are

|
Yes _ _
BB Ctionlor applied to photometric sample for
photometric candidate selection.
ODIgES » “Mahalanobis’ distance”: it is used to
belonging to : :
i Blsio! measure the distances of a given

photometric object from each cluster; the
object is assigned to the nearest “goal-
\successful cluster” or rejected.

End
candidate
quasars

J
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Start

spectroscopic
data

Selection of new candidates

Different methods for the
extraction of QSOs candidates

PPS

NEC

i-th generation of clustering

Selecfion of
best

clusterization

Colours
cuts

Photometric
data —

Yes

Selection of |
photometric
objects

End

candidate
quasars

Characterization
in parameter

space

No

- 1
> “Re-labelling”: both spectroscopic and

\successful cluster” or rejected.

photometric objects put into the same
clustering process: candidate QSOs are
selected as those objects belonging to
clusters where spectroscopic confirmed
QSOs (“tracers”) are found.

> “Photometric cuts”: “goal-successful”
clusters are described in terms of their
colours distribution; associated cuts are
applied to photometric sample for
candidate selection.

» “Mahalanobis’ distance”: it is used to
measure the distances of a given
photometric object from each cluster; the
object is assigned to the nearest “goal-

_J
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Selection of new candidates

Start

spectroscopic
data

Different methods for the
extraction of QSOs candidates

— 5: “Re-labelling”: both spectroscopic and\
PPS | . . photometric objects put into the same
i sneration of clusterjgE clustering process: candidate QSOs are
selected as those objects belonging to
NEC * clusters where spectroscopic confirmed
QSOs (“tracers”) are found.
Se'icet';” of P » “Photometric cuts”: “goal-successful”
clusterization clusters are described in terms of their
colours distribution; associated cuts are
applied to photometric sample for
candidate selection.
> “Mahalanobis’ distance”: it is used to
measure the distances of a given
photometric object from each cluster; the
object is assigned to the nearest “goal-

\successful cluster” or rejected. J

L Yes

Characterization
in parameter
space

Photometric
data

Selection of
photometric
objects

Mahalanobis’
distance

End

candidate
quasars
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Comparison with a colour-colour plot

u-gvsg-r

5 I I I I I

I
Confirmed not-QSOs
+ +  Confirmed QSOs

O

AL . | Only a fraction (43%) of these
objects have been selected as
candidate QSOs by SDSS
1 targeting algorithm: the
remaining sources have been
Included in other spectroscopic
programmes (mainly stars and

galaxy).

g-r

‘In this experiment the clustering has been performed on a sample of stellar objects’
observed in optical and infrared observations, but using only optical colours. The BoK is
. the SDSS spectral classification index “specClass”. T
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Redshift z

Redshift z

Exp 3:

Efficiency e for goal-successful clusters

local values of e and ¢

2

1

1

1

- 0.9

f =Y
- (= (N[N

r 0.8

2

3

- 0.7

21

47

40

r 0.6

65

22

62

52

r 0.5

38

83

104

63

27

53

38

0.3

15

41

N = NNWN = W ON

36

0.2

—h

1

Completeness c for goal-successful clusters

H N

0.1

3

u-g

2

219

47

40 1

1

1

1

1

0.9

0.8

- - N

0.7

0.6

65

221

60

52| 2

0.5

38

83| 3

63

28

52

36

15

41

34

22

0.4

0.3

0.2

0.1

Local values of
the efficiency e
in the (z vs u-qg)
planes.

Details on “how many”
wrong objects we are
selecting and “where”
in the parameter space
(and if we are smart
enough, on why we are
selecting them...)

Local values of
the completeness
¢ in the (z vs u-q)
planes.

Details on “how many”
right objects we are
losing and “where” in
the parameter space
(and if we are smart
enough, on why we are
selecting them...)
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Results (1)*

Optical :
SDSS QSOs | 4 optical colours | ‘'specClass’ | 83.4% | 89.6 % (3,0)
candidates (0.3 %) | (0.6 %)
Optical + 3
NIR 4 optical colours | ‘specClass’ | 91.3% | 90.8 % (3,1,0)
star-like H3 Infrapess (0.5 %) | (£ 0.5 %)
: colours
objects
Optical + 3
NIR 4 optical colours | ‘specClass’ | 92.6% | 91.4 % (3,0,1)
star-like (0.4 %) | (£0.6 %)
objects

* [D’A. et al., submitted to MNRAS.]
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Classification of Active Galactic Nuclel

Most galaxy classifications are based on morphological informations, which only partly reflect
the physical differences between different class of objects. One clear example is represented
by galaxies containing AGNs, which do not fit comfortably inside any morphological
classification known (except weak correlations).

d| . - . I
A combination of unsupervised and
supervised classification methods might
work also in this case...

_J

The complex and more general

problem of the physical

\/ classification of galaxies
lurking in the darkness...

(Selection of active of galaxies in terms of a)
minimal set of spectroscopic and
photometric parameters embodying the
physical differences of their nuclei as
.closely as possible. )
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Classitying with NNs

For photometric redshift data mining reduces to interpolation, and NNs are best
interpolators. This approach exploits the existence of a “knowledge base”, i.e. of subsample
of the data for which spectroscopic redshift are available, to be set as priors.

In a suitable parameter space (photometric space), a neural network is trained on a
subsample of objects with reliable classification (“targets”). This trained network is used to

select photometric candidates.

f """" T
Knowledge base
Training, Validation, Test il y:
Parameters + Target
NNs
Dataset " ”

Parameters only
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Classitying with NNs

For photometric redshift data mining reduces to interpolation, and NNs are best
interpolators. This approach exploits the existence of a “knowledge base”, i.e. of subsample
of the data for which spectroscopic redshift are available, to be set as priors.

In a suitable parameter space (photometric space), a neural network is trained on a
subsample of objects with reliable classification (“targets”). This trained network is used to

select photometric candidates.

] f .
Knowledge bas
i N NNs
Training, Validation, Test Y
training
Parameters + Target
- J

Dataset

Parameters only
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Classitying with NNs

For photometric redshift data mining reduces to interpolation, and NNs are best
interpolators. This approach exploits the existence of a “knowledge base”, i.e. of subsample
of the data for which spectroscopic redshift are available, to be set as priors.

In a suitable parameter space (photometric space), a neural network is trained on a
subsample of objects with reliable classification (“targets”). This trained network is used to

select photometric candidates.

_______ —_—

f Knowledge base

Training, Validation, Test

Parameters + Target

Dataset trained
NNs

Parameters only < y
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Classifying with NNs

For photometric redshift data mining reduces to interpolation, and NNs are best
interpolators. This approach exploits the existence of a “knowledge base”, i.e. of subsample
of the data for which spectroscopic redshift are available, to be set as priors.

In a suitable parameter space (photometric space), a neural network is trained on a
subsample of objects with reliable classification (“targets”). This trained network is used to

select photometric candidates.

( h .
Knowledge base Dataset Photometric

candidates

Training, Validation, Test
Accuracy of the classification

Parameters + Target estimated by comparison
with the knowledge base

Dataset

Knowledge base *

Parameters only
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Support Vector Machine

Support vector machines (SVMs) [Bennet & Campbell 2000] are a set of related
supervised learning methods used for classification and regression.

SVMs map input vectors to a higher dimensional space where a maximal separating
hyper-plane is constructed. The “kernel function” of the SVM in the “C-Support Vector
Classification” implementation [Boser et al. 1992], depends on two parameters, one in the
model (C) and the other in the “kernel function” (y):

K(% ) = CYIIP

Principle of Support Vector Machines X2 A H i

SVM) i :

¢

|
1
1
1
1
1
:
|
]
/\ ;
‘ |
O 0
O :
;
/
 {
/
’
/
4
;
y
7’

Input Space Feature Space

>
7o X,
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SVM parameter space exploration strategy

The sampling strategy of the 2-dim parameter plane (y, C) for the SVM (proposed by [Hsu
et al. ]) consists in running different jobs on a grid whose knots are spaced by a factor 4 on
both parameters (y = 2-15, 2-13,..23, C = 2-5, 2-3, ...219),

Cross-validation of results and “folding” (5 subsets) of the dataset are used for all
experiments.

Heavy computing tasks, mainly G d
independent and parallelization-prone j> Il
(according to the “batch-parameter”
paradigm).

computing

The SVM experiments for different couples of values of the parameters (y, C) have been
run on a 112 knots grid infrastructure of the SCOPE Virtual Organization.
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SVM parameter space exploration strategy

The sampling strategy of the 2-dim parameter plane (y, C) for the SVM (proposed by [Hsu
et al. ]) consists in running different jobs on a grid whose knots are spaced by a factor 4 on
both parameters (y =2-15,2-13,,.23, = =~ = ° )

= "w | | — +4 -14

Cross-validation of results and “fc o S = || e |
experiments.

i -10

i il -3
Heavy computing tasl | __~’—_“ | n
independent and paralleliz | il G o
(according to the “pbatch [  — //\ /— 1% |
paradigm). - B AT 1 o

= — 4 2

86 i |
-3 0 log,(C) 10 15

The SVM experiments for different \J\JUVIU\J WUl vAliuvuuvyuy Vi Liv Vul CAllIIVvViIiVI VU \Y, \JI I1HGAVOY MUuUuUll
run on a 112 knots grid infrastructure of the SCOPE Virtual Organization.
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A 2-dim BoK (1)

Diagnostics plots based on spectroscopic observables are useful to disentangle AGNs from
other galaxies: the luminosity of the [OIII]A5007 emission line is a tracer of the strength of
activity in the nuclear region, so A BPT plot [Baldwin et al. 1981] based on the emission lines
flux ratios Olll/Hg ratios NII/Hq can be used to separate SB galaxies and AGNs [Kewley et al.

2001].

Heckman’s
line
Kewley’s line
[OIII\5007 0.61
: lo = +1.19
. J Hg Iog['\m]ﬁi583 -0.47
Kauffman’s line
OII\5007 0.61
Y lo - +1.3
9 Hg Iog[N"]ﬁiSBB- .
log(OlI)/Hg L hanend
N Kewley’s Heckman'’s line
\ line
[OIA5007 _,  INIA6583
Kauffman’s log=—p,— =log—R, +0.465
line
log(NI1)/Hq
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Parameters of the experiments

Photometric parameters

a )
petroR50_u, petroR50_g, petroR50_r,
petroR50_1I, petroR50_z

PhotoObijAll table concentration_index_r
(SDSS-DR5) :> fibermag_r
(U y g)dered, (g N r)dered, (I’ M i)dered, (i N Z) dered
dered_r
Photometric redshifts [D’A. et al. 2007] > photo_z_corr
" y,
Targets

1° Experiment: AGNs vs SB Galaxies:
AGNs -> 1, Mixed -> 0

2° Experiment: Type | AGNs vs Type |l AGNSs:
Type1->1, Type2->0

3° Experiment: Seyferts vs LINERS:
Seyfert -> 1, LINERs -> 0
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A 2-dim BoK (lI)

log(NIl)/Hq
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Results (II)*

. SVM
SDSS SDSS photometric| BPT plot +
galaxies (1) |parameters + photo| Kewley’s line
redshift MLP
SDSS SDSS photometric| BPT plot + SV
galaxies (2) |parameters + photo| Kewley’s line
redshift + FWHM MLP
requirements
BPT plot + SVM
SDSS |SDSS photometric| corman’s+
galaxies (3) |parameters + photo 3L
lines MLP

redshift

>k[Cc::vuoi‘i, D’A., Longo, 2008], in prep.
g prep
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Improving AGN classification

How can we improve AGNs
selection and classification?

Improving the accuracy of the
photometric parameters measuring
them with specifically tailored tools (in
coll. with De Carvalho and La Barbera -
OACQC).

Customizing the algorithms for specific tasks in
order to determining more efficient criteria/
strategies for the fine tuning of the results (better
exploration of plane (y, C) for SVM, for instance.)

Improving the efficiency of separation between
different families using better spectroscopic
diagnostics, i.e. using a better BoK (in coll. with
Rafanelli and Benvenuti - Universita di Padova)

The improvement of the Base of Knowledge can be accomplished not only
enhancing the quality of spectroscopic classification, but also by enlarging
the wavelength range whence the BoK is extracted. This is a possible
approach to connect differently selected AGNs (X-ray < optical/infrared)
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Dimensionality
reduction

Spectral
features
identification ,

Supervised
clustering

A long-haul endeavour

1° Level BoK

eyeball class., other

techniques...

Unsupervised
clustering

Multi-wavelenght
BoK

' 2° Level BoK

Spectroscopic
Diagnostics

Regression
and
Pattern
Recognition

T Better
N W ¥

Photometry
Photometric AGN (2DPhot)
candidates

1. Determination of a more
efficient separation of
different types of AGNs in a
multi-dimensional spectral
diagnostics space.

2. Selection of photometric
candidates exploiting a BoK
based on the previous point.

3. Selection of AGNs from
optical/NIR photometric data
using a not-optical BoK.

4. Automatic identification of
spectral patterns and
features using .
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Conclusions

Unsupervised clustering methods have proved to be efficient
and reliable for QSOs photometric candidate selection.
Refinements of BoK will be key for further enhancements.

The integration of supervised classification algorithms for
photometric data and unsupervised selection of spectroscopic
BoK for AGNs classification looks promising.

Syncretism of expertise: astrophysics, statistics, data mining,
distributed computing together. Who could ask for more?

» VO provides powerful and flexible tools for massive data
gathering and analysis. Our algorithms have been deployed
inside the Astrogrid VO environment and are available for
everyone. For details, documents, papers browse the link:

ntip./peopie.na.inin.it/~astroneuraly
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http://people.na.infn.it/~astroneural/
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