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What do we mean by Pattern Recognition ?
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Pattern Recognition Letters aims at rapid publication of concise articles of a broad

Subject areas include all the current fields of interest represented by the Technical (
Association of Pattern Recognition, and other developing themes involving learning

include:

» statistical, structural, syntactic pattern recognition;

» neural networks, machine learning, data mining;

» discrete geometry, algebraic, graph-based techniques for pattern recognition;
» sighal analysis, image coding and processing, shape and texture analysis;

» computer vision, robotics, remote sensing;

» document processing, text and graphics recognition, digital libraries;

» speech recognition, music analysis, multimedia systems;

» natural language analysis, information retrieval;

» biometrics, biomedical pattern analysis and information systems;

» scientific, engineering, social and economical applications of pattern recognition;

» special hardware architectures, software packages for pattern recognition.
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WI[{[PD[A From Wikipedia, the free encyclopedia
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navigation For other uses, see Pattern recognition (disambiguation).
= Main page
Pattern recognition is "the act of taking in raw data and taking

an action based on the category of the pattern"[l]. Most research

in pattern recognition is about methods for supervised learning
and unsupervised learning.

Pattern Pattern recognition aims to classify data (patterns) based either
@ ST lazte0)ah ©N a priori knowledge or on statistical information extracted from
the patterns. The patterns to be classified are usually groups of
measurements or observations, defining points in an appropriate
multidimensional space. This is in contrast to pattern
matching, where the pattern is rigidly specified.
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IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL.22, NO.1, JANUARY 2000
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Biological motivation
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Technological tool to be used: quantitative sequencing

The race is on
The first groug
of sequencing
$1000 will ge
potential futun
J. Craig Vente
$500,000 for
has since been
GENE SEQUENCING California—bas
expected to up

The Race for the $1000 Genome $20million. B

ram AR I G N BT L ST el S0 Pecome areality, and the consequences—good ’I‘li:ﬂ‘?‘l’l:"l‘m’!::?;
Insti- way complete mar
erees. 10.00
vous,”
I OWn
‘cause =
< 1.00
logies E
here.” &
y have 2
syet, | 010
tit’s a -
to the
le that 001
ome, 1990 1995 2000 2005

@ﬂﬂ?r Free fall. As with computer technology, the plunging cost of DNA
sequencing has opened new applications in science and medicine.

MARCH 2006 VOL311 SCIENCE www.sciencemag.org



(@))
=
O
-
)
-
@N
)
7))
)
=
)
M
=
)
-
M
-
@N
¢
)
0
>
()]
O
O
-+
[e)
@)
]
'
O
(@))
o
o
-
i
%
T

Moore's Law

I National Human
| Genome Research

“lim

Institute

genome.gov/sequencingcosts

http://www.genome.gov/sequencingcosts/




. AAARARAR MRNA
Next-gen sequencing J
11111111 !
] [ —— ar —— )
RMNA fragments l cDNA
=== — = — ]
Nature Reviews Genetics, 2009 | Wihadaptor
ATCACACTCECACTCCATAAATTTTTCT
CCARGGACCAGCAGAARCCACAGEEENRY Short sequence reads
GEACACGAGTCCCCAGOEGRCTEARGREE
ATCARACATTARACTCAARCAATATCAR
. . ng sequence m
tra nscrl pto m ICS EEEE% Exonic reads
& N
. . Junction reads = e="e=t= = poly[A) endreads
Zhong Wang, Mark Gerstein and Michael Snyder e —
= = =t
. . N —= = — =5 Mapped sequence reads
Abstract | RNA-Seq is a recently developed approach to transcriptome profiling
that uses deep-sequencing technologies. Studies using this method have _ Base-resolution expression profile
already altered our view of the extent and complexity of eukaryotic g S PN
transcriptomes. RNA-Seq also provides a far more precise measurement of g A o M AT HRVAT 'L,
: LVl | L 1 |
levels of transcripts and their isoforms than other methods. This article describes E ' : |" " I||I "
| |
]|
14

Nudeatide position

Figure 1| A typical RNA-5eq experiment. Briefly, long RNAs are first converted into alibrary of cDNA



The technical problem we are addressing

Base-resolution expression profile
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Model — the urn model
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Crucial element in clustering analysis: distance between objects
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The Aitchisonean distance [1, 2| is a metric to measure distances between
objects defined in the simplex space. The unitary simplex space, having d
dimensions, is defined as [1, 2|;
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Crucial element in clustering analysis: distance between objects




Metric properties

(i) A(a,b) = A(b,a);
(i1) A(a,b) =0 < a = b;

(i11) A(a,c) < Afa,b) + A(b, ).




Additional “good” properties for compositional analysis

(1v) scale mvariance A(za,yb) = Ala.b),r.y € R, ; and

(v) translational mvariance A(a+1t,b+t) = Afa, b).
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Additional “good” properties for compositional analysis
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=P (V) scale invariance A(ra,yb) = A(a,b),r,y € Ry ; and
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Aitchisonean Distance

/ a_,/a a_ila;\
Ala,b)=/In [ =22 ) (T+1 x 1) in | =41
(a,b) V n (b_.r_f,.fhd>( +1"x 1) In (b_t-:,f"bd

In (%) = (In(ay/aq) — n(by/by), - ,In(ag_1/aq) — In(bg_1/b,))
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Aitchisonean Distance

| a_zlay 4 a_g/a;\’
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Ala,b) V [n (b_d,.f'hd> (I +1"x 1) In (b_fs,f"bd>

A can be re-arranjed as:

A(a,b) == Z In(a;/a;) —In(b;/b;))?
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Model validation: simulated sequencing data from Affymetrix data

Hybridized Probe Cell
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Model validation: simulated sequencing data from Affymetrix data

- mouse macrophages RNA

- stimulated by different Toll- like receptor agonists:
LPS, PIC, CPG, R848 and PAM

- time-course: 0, 20, 40, 60, 80 and 120 minutes.

- Gilchrist M, et al.

Systems biology approaches identify ATF 3 as a
negative regulator of Toll- like receptor 4.
Nature 2006, 441:173-178.

- Innate Immunity Systems Biology | |
http://www.innateimmunity- systemsbiology.org ‘ |

- transcript abundances proportional to A

- simulated sampling using real- data struc
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Model validation: other examples (“circumstantial” evidence)



Web site freely available for all



Opportunities: there is more in Pattern Recognition beyond clustering
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Opportunities: there is more in Pattern Recognition beyond clustering




Acknowledgements

Prof. Carlinhos Prof. Edson Amaro Jr.
IME-USP e BIOINFO-USP FM USP e HIAE



