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Biologia molecular. Un nuevo tipo de
iInformacion biologica

e l ol AHORA :: Representacion de
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Dogma de la biologia molecular

Genotip

Informacid heretable continguda per
tots els éssers vius 1 codificada en forma
de DNA (o ENA) gue serveix com a
recepta per crear 1 modelar I'ésser viu.

X Lamarckisme

Fenotip

Manifestacio fisica de l'organisme
(proteines, glacids, lipids...), en funcid del
seu genotip 1 de les condicions
ambientals en les gque es trobi.



DNA->RNA->Proteinas->Fenotipo
-

proteina
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DNA - GEN
e

Prormaodor RBS ORF - Regié codificant Termn

RETICGATCRTCA GRICA T LALLAT ITAGAGORARCUCALGAT IGCIGT AR
TCAAGNOYAGTAGT TG P AT T AR TOC I T TGP CTAAOGACAT



Expresion Gen ->... Proteina->...
Funcidn celular.

e Acoblament RNA-polimerasa

_RNA-polimerasa
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Traduccion RNA -> Proteina::

4 bases nitrogenadas -> 20 aminoacidos

RNA

—

Second Posifion of Codon

Proteina

C

A

TA Leu [L]

TTG Leu [L]

TCT Ser [S]
TCC Ser [S]
TCA Ser [S]
TCG Ser [S]

TAT Tyt [Y]
TAC Tyt [Y]
TAA Ter [end]
TAG Ter [end]

TGT
TGC
TGA
TGG

Cys [C]
Cys [C]
Ter [end]
Tp [W]

oo 0 -

CTT
CTC
CTA
CTG

Len [L]
Len [L]
Len [L]
Len [L]

CCT Pro [F]
CCC Pro [F]
CCA Pro [F]
CCG Pro [B]

CAT His [H]
CAC His [H]
CAA Gh [Q]
CAG Gh [Q]

CGT
CGC
CoA
CGlr

Arg [E]
Arg [R]
Arg [E]
Arg [R]

@ = 0o

ATT
ATC
ATA
ATG

Oe [I]
De [I]

Oe [I]
Mat [M]

ACT Thr [T]
ACC Thr [T]
ACA Thr [T]
ACG Thr [T]

AAT Asa [N]
AAC Asa [N]
AAA Lys [KE]
AAG Lys [KE]

AGT
AGC
AGA
AGG

ser [3]
ser [3]
arg [R]
arg [R]

o o= 0o

GTA
GTG

Val [V]
Val [V]
Val [V]
Val [V]

GCT Ala [A]
GCC Ala [A]
GCA Ala [A]
GCG Ala [A]

GAT Asp [D]
GAC Asp [D]
GAA Gh [E]
GAG Gh [E]

GGT
GG
A
(£

Gly [G]
Gly [G]
Gly [G]
Gly [G]

VR e I




Proteinas . Estructura espacial
funcional
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Regulacidon génica :: El sistema se
retroalimenta

a) No inducer

lacZ lacy lacA

- laci } ’

to operator;no
transcription

* repressor binds

. Las proteinas sintetizadas propician o
iInhiben la expresion de nuevos genes.
.Ademas lo hacen interactuando entre ellas
y con sefales externas.

repressor



Comunicacion con el
1 exterior

factor

B B Ligand-
A AAALT TS binding

~ _

Stimulus
intracellular
h domam Prqtein Kinise
activity
‘ — " ° °
e [ Signal Transduction

| mediators Ad tor proteins
i Docking proteins
GTP-binding proteins

o Effector
g enzymes

Protein or lipid kinases
odiesterases

“Taneorpton / Transcription
factors :

> mRNA

ownward, Nature,411,759,2001




Por qué varia el grado de expression
de los genes.

glucocomcond ‘ glucocorticoid

receptor in hormone
absence of
glucocomcond
hormone N
Promoter . “/\
Enhancer o —— A —

5 — ]
gene 1 gene 1

e _ _£a

e e [ ]
gene 2 gene 2

| IS B T
gene 3 gene 3

genes expressed at low level genes expressed at high level



Problemas que afronta la biologia

computacional.

Problems in Biological Science

M ath/Stat/CompSci method

Similarity search Pairwise sequence alignment
Database search for similar
sequences

Multiple sequence alignment
Phylogenetic tree
reconstruction

Protein 3D structure
alignment

Structure/function | ab initio prediction | RNA secondary structure
prediction prediction

RNA 3D structure prediction
Protein 3D structure prediction

Optimization algorithms

e Dynamic programming
(DP)

e Simulated annealing (SA)

e Genetic algorithms (GA)

e Markov Chain Monte
Carlo (MCMC:
Metropolis and Gibbs
samplers)

e Hopfield neural network

Knowledge based | Mdaif extraction

prediction Functional site prediction
Cellular localization prediction
Coding region p rediction
Transmembrane domain

Pattern recogn ition and
learning algorithms

e Discriminant analysis

e Neural networks

e Support vector machines
([ ]

prediction Hidden Markov models
Protein secondary structure (HMM)
prediction e Formal grammar
Protein 3D structure prediction | e CART

Modlecular classification Superfamily classification Clustering algorithms
Orthologp aralog grouping of | e Hierarchical, k-means, etc
genes e PCA, MDS, etc

3D fold classification

e Self-organizing maps, etc




Gendomica :: alineamiento de
secuencias.
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Proteomica:: Determinar la funcionallidad,
Interactividad y posibilidades de la proteina.

Niveles de organizacion de las proteinas

Estructura primaria de las proteinas
Es la sequencia de una cadena de aminoacidos

La Estructura espacial es
clave en la operativiidadde =~ ™

Hoja plegada Hélice alfa

Estructura secundaria de las proteinas
ocurre cuando los aminoacidos en la secuencia
interactian a través de enlaces de hidrégeno

la proteina.

Hoja plegada
W Estructura terciaria de las proteinas

ocurre cuando ciertas atracciones estan presentes

entre hélices alfa y hojas plegadas

Estructura cuaternaria de las proteinas
es una proteina que consiste de mas de
una cadena de aminoacidos




Problemas NP complejos -> Métodos
heuristicos y aproximacion polinomial

Utilizan principios matematicos, sobre todo el analisis probabilistico
para encontrar resultados cercanos al optimo.

Fixed-parameter tractability : an approach to attacking NP-hard
problems with multiple inputs. Abordaje de un problema NP-complejo
usando multiples parametros o entradas que acaban reduciendo el
problema.



http://en.wikipedia.org/wiki/Fixed-parameter_tractability
http://en.wikipedia.org/wiki/Fixed-parameter_tractability
http://en.wikipedia.org/wiki/Fixed-parameter_tractability

Expresion génica :: el comportamiento
celular.

e Tecnologia de Microarrays.

- Permiten estudiar en qué grado y bajo qué
circumstancias se van expresando los genes.

e Ventajas : Tenemos el nivel de expresion de miles de
genes bajo las mismas circunstancias.

e Limitacion: No tenemos la interaccion de las proteinas
producto de esa expresion.



Microarray technology :: miles de genes
bajo las mismas condiciones
experimentales

Condiciones muestrales

Genes

Fold repression Fold induction
>8 >6 >4 >2 1:1 >2 >4 >5

=8




Condiciones muestrales: comparacion

d e tej I d O S . Cancer Cells Normal Cells

RNA Isolation
v v
mRNA ‘mRNA
Reverse
Transcriptase
Labeling
v v
“Red Fluorescent” Targets "Green Fluorescent” Targets
| Combine Targets
Hybridize to
Microarray

\
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Aplicando drogas,
sustancias, o
cambiando las
condiciones
experimentales.

Stimulus

(cytoplasmic)

mediators

Adaptor proteins
Docking proteins

Effector GTP-binding proteins

enzymes

Protein or lipid kinases
Phosphodiesterases
Metabolic enzymes

Nuclear membrane

Signal Transduction

Transcripion / Transcription
factors

> mRNA



Analisis basicos de datos de
Microarray

e Encontrar genes marcadores.

e Agrupar genes y condiciones muestrales.
— clustering



Gene clustering
—

e Los genes co-regulados se expresaran igual

bajo las mismas circunstancias.
e Estudio de similitud entre las expresiones de genes.



Estudio de las distancias entre la expresion de
dos genes

Minkowski distance
- _ q _ q _ q
d(l,J)_q\/(|xi1 3 g, =, Tt g = 1)

If g = 1, dis Manhattan distance (semi-metric distance)
d(i,j):|xi1—xj1|+|xi2—xj2|+...+|xip—xjp|

If g = 2 dis Euclidean distance (metric distance)

sy . 2 . 2 . 2
d(l,j)—\/(|xi1 K = Pty = 1)
Pearson correlation coefficient (semi-metric distance)

(x —x)(x —x)

\/ (x1 )J T

d(i, J)=
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Genes
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Agrupar los genes por similitud
(clustering).

e Para agrupar los genes
usaremos técnicas de
clustering.

Microarray con los genes
agrupados por similitud




Height

Hierarchical clustering

o3

*** Agglomerative Hierarchical Clustering ***

Call:

agnes(x = menuModel¥rame (data = spospread.vi2.l000.3col, varisbles = "CALL>™,
subset = 1:20, na.ta = T), diss = F, netric = “euclidean”, stand = F,
nethod = “average”, save.x = T, save.diszs » T)

Berge:

(1,1 -9 -1s
(2,1 -13 -14
[2,1 =3 -16
{4,] -6 =18
(s,] -4 1
(s,] 3 -7
7,1 ] 2

8,1 6 =10
(s, 4 -19
(10,] o 7
(11,] -5 -17
[1z2,1 -2 -20

(13,1 1z 10
[la,] -a -1l
(18,1 -1 -12
[16,1 13 9
(17,1 15 18
f1s,7 17 11
(19,] 18 14
Order of cbjects:
(211 122 203 167 104 9 1513146 18195 178 11
Eeight:
[1) 1.1707152 1.7950210 0.9110762 1.0308956 0.1665215 0.3351807 0.5993233
[0) 0.7085111 0,2544151 0,1839361 0.3562951 0,1572008 1.3038006 0.2524947
[15) 0.6471538 2.0565785 0.8485635 3.6383437 1,1138825
Agyloserative coefficient:
[{1] 0.8435272

Available arguments:
{1] "order" "heighe” "ac" "merge” “order.lab™ "disa”
{7] “dara” "call”



Calcular la distancia entre Clusters

e Single-linkage
clustering :: nearest-
neighbour

e Complete-linkage ::
furthest-neighbour

e Average-linkage ::

\>

\

unweighted pair-group

method average
(UPGMA)

T




Aglomerative clustering.




Aglomerative clustering.




Aglomerative clustering.
S

1 2 3 4
I I I I

c,d.e

clelofelels

genes



Aglomerative clustering.

...y tenemos el hierchical clustering
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K-means clustering

Iterates until
centroidsdon’t
Mmove

Step 4 — Points re-assigned to nearest centroid

Step 5 — New centroids calculated




Self-organizing maps (SOM)

"o s 096
® ® O ®

Fig. 1.6.1 Schematic representation of the working of SOM network
(A) The lattice has random values at the beginning. (B) The first element is
compared with all the nodes of the lattice to get the closest node ired arrow).

(C) The winning node and its neighbourhood are updated. (D) Next item is
compared with all the nodes of the lattice as in (B). This process is repeated
thousands of times for all the items. .
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An exploratory technique used to reduce the
dimensionality of the data set to 2D or 3D

For a matrix of m genes x n samples, create a new
matrix of sizen xn

Thus, transform some large number of variables into
a smaller number of uncorrelated variables called
principal components (PCs).



* to reduce dimensionality

 to determine the linear combination of variables
 to choose the most useful variables (features)

* to visualize multidimensional data

o to identify groups of objects (e.g. genes/samples)

e to identify outliers



PCA examples
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e Linear classifiers

e Attemptto avoid overfitting by finding the optimal hyperplane
that separates the data

HOW???

By maximizing the Margin..

_,.-"h Origin

Support Vectors

Introduced by V.Vapnic and co-workers in 1995



e And what about datasets that are not linearly separable??
Map the data into higher dimensional space and make linear
classification there (theorem!!)

X — ¢(x) /




Tipo de SVM | Kemel Comentarios
Polinomico (xTy +1)? p especificado por

| el usunario
RBF exp(— Ix=xIP) G- especificado por

el usuario y comun
a todos los kernel

Perceptron de
2 capas

tanh( 5,27, + )

Solo ciertos valores
de [Fson validos




T.furey, N.Cristianini, N. Duffy, D. Bednarski, M. Schummer and D Haussler, "Support Vector Machine Classification and Valida tion of
Cancer Tissue Samples Using Microarray Expressioin Data”, Bioinformatics, 2000.

Cancer ovarian
Normal ovarian
Normal non-ovarian

Cancer

Not Cancer

N\

Tissue

Kernel DF | Feature | FP FN TP TN
dot-product 0 25 5 4 10 12
dot-product 2 25 5 2 12 12 N N
e = T 5 ¥ i Gene expression data on tissue
dot-product 10 25 4 2 12 13
dot-product 0 s T1 2 1 1| 27.802DNA clones
dot-product 2 50 3 2 12 14 .
dot-product 5 50 3 2 12 14| 3ltissuesamples
dot-product 10 20 3 2 12 14
dot-product 0 100 1 3 11 13 Genes
dot-product 2 100 5 3 11 12
dot-product 5 100 5 3 11 12 _
dot-product 10 | 100 5 3 11 12 || Beenment f ol | g2 ] e g
dot-product 0 97802 17 0 14 0 ex-1
dot-product 2 97802 9 2 12 8
dot-product 5 97802 7 3 11 10 ex-2
dot-product 10 | 97802 5 3 11 12
ex-m

Cancer Classification



Herramientas para el analisis de
microarrays

e Software especifico

e Software estadistico
— Excel
- MATLAB
— Octave
- SAS
- SPSS
- S-PLUS
— Statistica
- R



Free Software for microarray analysis GEPAS
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° 'j Pomelo Tool A suite tor DNA aray and Tlssue amay multiple testing, Incuding comparisons of two or more groups (t-1est and ANOVA), survival analysls
{Cox modal) and contingancy tables {Fisher's exact test).
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Geo — Una base de datos de
microarrays.

abases Pubhled Mur tide Frotein Genome
Search | GEQ Profiles “ | fgr|breast cancer | ’ Clear] Save Search
Limits T Preview/Index T History T Clipboard T Details W
Display | Summary - | Show | 20 v I Subgroup effect |+ ISend [ |

All: 607915
Items 1 - 20 of 607915

[01: GDS525 record | GPLETS 2602 [Hama sapiens]

Annatation: FBMT1: fibrillin 1 FBM, MASE, MFS1, OCTD, SGE, WhS
Reporter: FE3556 1448051 (SPOT_IDY
Experiment: Breast cancer cell expression profiles (G41004), gene expression array-based log ratio

[[02: GDS525 record | GPLETS 14787 [Homa sapiens)
Annotation:  TacsTRN: tumor-associated calcium signal trangducer 1 CD326, CO17-14, EGP, EGP40, Ep-CAM,

Reporter  W3Z306 2816509 (SPOT_ID)

Experiment: Breast cancer cell expression profiles (G41004), gene expression array-based log ratio

[[13: GDEE25 record | GPLATE 11374 [Homo sapiens]

Annatation: LARSZ: leucyl-tRMA synthetase 2, mitochondrial KIAADD28, LEURS, MGC26121
Reporter: 021851 1254922 (SPOT_ID)
Experiment: Breast cancer cell expression profiles (G41004), gene expression array-based log ratio

[14: GDS525 record | GPLETS 5316 [Homa sapiens]
Annotation: S100P: 5100 calcium binding protein P MIGS

Rennter YEEE1A MENE22 S POT I



Geo — Buscando genes marcadores

| l Clear ] Save Search

Limits T Preview/Index T History T Clipboard T Details W
Displa}r | Summary w | Show | 20w |Suhgroup effact + | Sendto  w |

Entrez
All: 54675
Items 1 - 20 g

[01: GOS2280 recard | GPLS70 204320 at [Homa sapiar

| GEO Profiles ~ | for| GDS2250[ACCH]

e

Number of genes

Annotation: COLTAT: collagen, type X1, alpha 1 COT1A1, COLLE, STL2
of Contents
Reporter: Mhd_0O01554
| Caption Experiment: Basal-like breast cancer tumors, gene expression array-based transfarmed count

[2: GDS2280 record | GPLA70 37892 _at [Homao sapiens]

Annotation: COLT1A1: collagen, type ¥, alpha 1 CO11AT, COLLE, STL2
Reporter: Mi_001854 MK_080629 Mh_080630
Experiment: Bagal-like breast cancer tumars, gene exprassion array-based transformed count

[13: GDS2250 record | GPLS70 204822_at [Homo sapiens]
Annotation: TTk: TTK protein kinase ESK, FLI38280, MPS1L1, PYT

Reporter: il _003315

Experiment: Basal-like breast cancer turnors, gene exprassion array-based transformed count



Geo — Buscando genes marcadores

|’ Limits | Preview/Index | History | Clipboard | Details |

- D1splay Sumrnary v Show =20 v |Subgroup effect v | Sendto |

: 54675 X h

[1: GDS2250 recy

Annntatiyy
Reponer
Gene

E}{perlment Basal-like breast cancer tumors, gene expression array-based transformed count
[]2: GDS2240 record | GPLS70 37892_at [Homo sapiens]
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GEO - Expresidonde los genes marcadores

e Example: Breast cancer
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Herramientas de Microarray meta-
analysis y data minning (IBB-UAB).
« 1

e Extraer la maxima informacion util al gran
numero de genes y condiciones muestrales.

e A partir de microarrays con largo numero de
condiciones muestrales, modelar el
comportamiento holistico de la céelula/tejido
analizado.

e \Web server for on-line microarray analysis:
http://revolutionresearch.uab.es
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Estrategias para obtener el
comportamiento holistico de la céelula.

e Estudio de las relaciones LINEALES entre las
expresiones de genes.

e Estudio de las relaciones NO LINEALES entre las
expresiones de genes.

e Estudio de las relaciones NO CONTINUAS entre las
expresiones de genes.

e Facilitar la navegacion a través de la informacion
generada.

— Ampliar el analisis progresivamente incluyendo mas genes
y agrupando las muestras en clases de muestras.



Analisis no lineal de las relaciones
entre la expresion de los genes

e Hay genes que estan relacionados no
inealmente.

e Usaremos las Principal Curve of Oriented
Points.
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The PCOP's a very suitable analysis
for recognising non-lineal patterns
among independent variables.
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Gene-expression relationships
detectable by PCOP analysis.

Positively co-expressed genes.
Negatively co-expressed genes.

Genes mutually excluding in their

expression.

e geneswhich are dependent in their expression only
because one of the genes must be over-expressed or
under-expressed to activate the expression fluctuations

of the other gene.
e Non-linear correlated genes.


http://revolutionresearch.uab.es/downloads/paperCSrevised.pdf

Genes de exclusion mutua
detectados




Genes con dependencia no lineal
detectados

CITEDZ



One of the main keys of the PCOP Is
the calculus of the correlation factor.

e The Variance explained by the curve: Permits one
to know If the Principal Curve is able to follow the
sample-cloud tendency. Goes up when the sample
cloud has a regular behaviour being well identified
by the Principal Curve.

e Residual Variance: The degree of dispersion of the
samples around the Principal Curve.

e The Generalized Total Variance: The sum of these
two dispersion parameters.

e ffactor: RV divided by the GTV


http://revolutionresearch.uab.es/downloads/paperCSrevised.pdf
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Correlations graph and minimum-spanning-tree among the
same microarray gene-expressions using R? correletion or
the f value provided by the PCOP calculus.

Pearson R f value (pcop)
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Obtencidon automatica de los cambios
fenotipicos

- Y de los genes implicados en el canvio.

— Clustering local a los genes global para las condiciones
muestrales.

7YX NEDD4L

HLA-B




Obtencidn
automaticade los
cambios
fenotipicos basado
en las relaciones
no lineales

Clustering local a los
genes global para las
condiciones muestrales
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Cruzar fenotipos encontrados con Ilos
clusters globales

CITED2
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Y el analisis continua....
]

— Obtener genes marcadores para los diferentes
fenotipos.

— Cruzar los resultados con otras bases de datos
biomédicas.

- Cruzar genes marcadores con genes marcadores
de las microarrays de GEO.

— Obtener grafo de cambios fenotipicos con los
genes que nos llevan de un fenotipo a otro Yy los
genes gue constituyen cada fenaotipo.
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Nuestra linea de investigacion mas ambiciosa:
Revertir el dogma de la biologia molecular

Genotip

Informacid heretable continguda per
tots els éssers vius 1 codificada en forma
de DNA (o ENA) gue serveix com a
recepta per crear 1 modelar I'ésser viu.

X Lamarckisme

Fenotip

Manifestacio fisica de l'organisme
(proteines, glacids, lipids...), en funcid del
seu genotip 1 de les condicions
ambientals en les gque es trobi.



cLaevolucion no es
producto del azar?

Las mutaciones forman parte de
un proceso adaptativo
(aprendizaje no supervisado).

Gran parte de las enfermedades que
hombres y animales sufren son
producto de este proceso adaptativo.

Offspring
(inheritance of
acquired traits)



Estrés celular y cancer.

Mutaciones




