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Microarray de ADN

* 18,000 insertos clonales cADN amplificado
por PCR



Tipos de Microarrays

AN

°* Muestras de ADN mecanicamente
impresas/estampadas en un porta
objeto

° Impresidon Tipo Ink-jet de ADN (Agilent)

°* Pequenos oligonucleotidos (~25 nt)

sintetizados in situ usando
fotolitografia (Affymetrix)



Microarray cDNA
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Robot Impresion de Microarrays




Robot Impresion de Microarrays

Fartisan coordinate system

Feference spots
M 2nalysis spots




Deteccion de Fluorescencia

N . — Photomultiplier

Detector LEICRON Laser Scanning

Pinhole Confocal Microscope
Aperture — s Optical
— Qut-of-Focus i
Fluorescence = Light Rays Configuration

Barrier

' Excitation Laser
e Filter Excitation

In-Focus | Source

Light Rays i

Dichromatic —

Mirror Excitation
Light

. | |
Objective —gilm Rays | ioht Source

inhole
Aperture

Focal

-
- Planes
ol

Figure 2

Specimen



mANA refernoe

i BEqUEn0e
cOMA eollection / \”‘-.

Perfect match
MiE=match

neer amplification by PCR
Vector-apectic prmens
Gene-spaciic primears ' .:1

in sy synthasis
- by photoithography

Array preDaIston

Hrirting
Coupling
Cenaturing

Array 2

Array 1

— Ratio array 1/array 2

1 Staining
Hybridization iy bridization
mixing
—_———— —

. Biotin-kabelad
- cRNA
I S —

':',-""'- I..‘I:'\IE g 11 1T 11

labalied cDNA e TTT

in wirp transcrplion I
N TRTTr il Doyble-ctrancded

“-r ¥ ik Ia..u —— a_'\u:l_l:.;!.

LN,

Target preparaticn

P First-strand cONA 1
| :;'&"lr.'ll-."::"':i

COMA synihesis I

—— AR A — i, A BB —— O L ——— LT

Tedal P B B A — A, — AN AR e M R BE AN = =R
‘CIaFIH'A' w— ] e — 8 R s iy 8,5 5 K Ifﬂf M

—— L AL ERE - —  Anbilads — R N

CallEtissia




Procedimiento Tipico de Microarray

NN\

DNA microarray




Uso Tipico de Microarrays

AN

* Comparacion de de expresion de genes en
una condicién biolégica con otra

° Por ejemplo
°* Tumor comparado con tejido normal
° Celulas mutantes comparadas con wild type

°* Muestras tratadas comparadas con sin
tratamiento



Otros Usos de Microarrays

AN

° aCGH : Busca la supresion y amplificacion de
secciones de cromosomas

° ChlIP-chip : Inmuno precipitacion de cromatina
para identificar regiones union de una proteina en
el ADN

°* GMS : Identificacion de origen parental de cada
gen

° Cualquier cosa que puedas pensar para separar
dos poblaciones de acidos nucleicos



Organismos Representados en
Microarrays

AN

°* Metazoos: ser humano, raton, rata,
lombriz/gusano, insecto

°* Hongo: levadura
° Plantas : Arabidopsis y otras
* Bacteria, virus



Ventajas de Experimentos con Microarray

Rapido

Exhaustivo

Flexible

Facil

Barato?

Datos de 0.5-30,000 genes en 1-4 semanas

Genoma de levadura o bacterial completo en
un chip

Mientras mas genomas son secuenciados,
mas arreglos se pueden hacer

Arreglos a medida para representar genes
de interés

Se pueden enviar muestras de ARN para
analisis

Chip representa 15.000 genes for USD350;
Robot spotter/scanner cuesta USD100,000



Desventajas de Experimentos con

Microarray
Costo Muchos investigadores no pueden
permitirse hacer controles apropiados
y replicas.
ARN El producto final de expresion de un

gen es una proteina importante?

Calidad Imposible para evaluar elementos en la
superficie del array

Control Artefactos con analisis de imagen

Artefactos con analisis de datos



Un Gen en la Célula:

° Funcion

°* Proceso

° Interaccion
°* Fenotipo



Reconocimiento Oficial de Genética
Funcional
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Premio Novel de Fisiologia o Medicina 1958

“por el descubrimiento que “por el descubrimiento

los genes actiian regulando referente a recombinacion

eventos quimicos genética y la organizacion del

definidos" material genético de las
bacterias"

A -

George Wells Edward Lawrie Joshua
Beadle Tatum Lederberg



Enfoque Inicial al Analisis Transcripcional
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Representacion Grafica de SAGE

biotin-oligo(dT) restriccion (Nlalll); unir a granulos cubiertos
< AMAA  __gp de streptavidin @
TTTT I
AAAA — V..V S ~
s EEEE s_—=. TTTT
_
TTTT

Divida la muestra por la mitad y liguela a linkers (1 0 2),
con un sitio de restriccidon para “enzima marcadora” (BsmFl)

|:| S—Y.Y.Y. ﬁ |I| —V-V:V:\

TTTT TTTT

Digerir con una enzima (BsmFI) que reconozca el linker y corta rio
abajo en una manera de la independiente de la secuencia; Rellena 5’
para extremos romos

CCTAC CCTAC
Lige los extremos romos de los grupos 1y 2 y amplifica via l

PCR con partidores especificas a las secuencias 1y 2 del

linker [, Jceate CATCC o 1
GTAGG

CCTAC
Ditag
Digerir con la misma enzima que ancla (arriba); aislar en gel “di-
etiquetas” del gel; concatene los ditags y liguelos al vector
Ditag Ditag
Tag'l Tag 2 Tag 3 Tag 4

“Serial analysis of gene expression.”
Velculescu VE, Zhang L, Vogelstein B, Kinzler KW. Science. 1995 Oct 20,;270(5235):484-7.



Comienzos de la Genomica Funcional
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Nat Genet. 1993 May;4(1):11-8 Genomic mismatch scanning: a
new approach to genetic linkage mapping. Nelson SF, McCusker
JH, Sander MA, Kee Y, Modrich P, Brown PO.

J Bacteriol. 1993 Apr;175(7):2026-3 Global regulation of gene
expression in Escherichia coli. Chuang SE, Daniels DL, Blattner
FR.

Nature 1993 Aug 5;364(6437): 555-6 Multiplexed biochemical
assays with biological chips. Fodor SP, Rava RP, Huang XC,
Pease AC, Holmes CP, Adams CL.

Science 1995 Oct 20;270(5235):467-70 Quantitative monitoring of
gene expression patterns with a complementary DNA microarray.
Schena M, Shalon D, Davis RW, Brown PO.



Microarrays: una Herramienta para
Monitorear Expresion de Genes

°* Un microarray es un soporte soélido (como
una membrana o portaobjeto) en la cual ADN
de secuencia conocida se deposita en arreglo
cuadriculado.

* ARN esta aislado de las muestras de interés
identificadas

* EI ARN es tipicamente convertido a
cDNA, etiquetado con fluorescia (o
radioactividad), y luego hibridizado en
el microarray para medir niveles de
expresion de miles de genes.




Trabajo con Datos de Microarray

NN

* Comienza con la matriz de datos

° Preprocesamiento
* Estadistica Inferencial
* Estadistica Descriptiva



Normalizacion de Datos

AN

° Se puede introducir un sesgo sistematico
en experimentos microarray en todas las
etapas

* Se debe
* Evitar (tanto cuanto sea posible)
°* Reconcer
* Corregir
° Descartar los datos irrecuperables
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Controlling the Sources of Variability

*Gender

*Age, cause of death, date/year
+Cell Cycle Patterns — time of day
*Tissue — cell type

«Diet — Eating habits, media

types

Biology

The main source of variability

Sample preparation

Depends on method and operator

Probe array processing

Depends on chips, instruments,
reagents and operator

Define processes and *Measured by hybridizing the same

boundaries sample over two different arrays of the
-Standard protocol, Sample quality  game type.

control *Try to always use the same Core

Reduce process vanab;h_tyf Facility to process the samples.
* Assess technician-to-technician

differences, Calibrate
instrumentation, Control reagent
variability




Tales Sesgos Tienen Consecuencias
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Como Lidiamos con las
Consecuencias?

“"Normalizacion:

° Se asume generalmente que el gen
promedio no cambia

° Debe entender los datos, para saber si
€S0 es unha suposicion apropiada o no

°* El numero de “reporteros” (clones o
genes) que se esta probando afectara
esto



cDNA Microarray Image Analysis

Addressing:
estimate location of the spot center.

Segmentation:

Classify pixels as foreground (signal) or
background.

adaptive segmentation fixed circle
seeded region growing segmentation

Information extraction:

For each spot on the array and each dye
- foreground intensities;

» background intensities;

 quality measures.

-- GenePix

......



Qué es la Normalizacion de Datos?

AN

* La normalizacion es una intento de
corregir el sesgo sistematico en los
datos

° Permite comparar datos de un array a
otro

° En la practica no entendemos siempre
los datos — parte de la biologia sera
eliminada inevitablemente (o por lo
menos no revelada)



Métodos de Normalizacion
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°* Genes domeésticos (Housekeeping genes)
° Intensidad total

°* Correccion de Lowess

°* Versiones locales de dos antedichos

* Controles



Housekeeping Genes
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°* Asume que los genes elegidos no
cambian

* Definitivamente una mala opcion - en
bacterias no hemos visto ningun gene
que no cambia bajo por lo menos alguna
circunstancia



Normalizacion de la Intensidad Total
(Promedio Global o Mediana)

AN

°* Para los puntos que se creen bien medidos,
calcule la razon logaritmica promedio o
mediana (log ratio)

* Utilice esto como factor de normalizacion
para ajustar el resto de los log ratio

* Se debe definir “bien medida”

° Equivalente a asumir la misma intensidad
total en ambos canales



Diagnostico del Array: Diagrama
Intensidad-Cuociente
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Imagen del Array




Suavizado de Lowess

ArayZ no ofizal
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Resultados de Suavizado Local
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D=la atlar ragional lowass







LOWESS Sector-Especifico
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Diagrama M-A sobrepuesto para 16 lowess suavizados individuales, uno para cada
grupo de impresién. M es la razén logaritmica, A es la media geométrico.



Controles Agregados
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Agregar a la mezcla de etiquetado
moléculas conocidas a
concentraciones conocidas

Atraviese toda la gama de cuocientes y
de intensidades.

Pero debe usar cantidades iguales de
material inicial para etiquetar

Potencialmente mas exacto, pero
requiere gran cuidado

van de Peppel et al, 2003



Razonamiento para Controles
Externos

Sample 1 Sample 2
total RNA total RNA ° La muestra 2 contiene mas
MRNA

* Los controles son
s e agregados en proporcion al
RNA total

° Se obtienen respuestas
muy diferentes con
controles vs. sin control

CDNA cDNA

' Hybridization '
data acquisition;

normalization
using:

Endogenous genes Endogenous genes and
external controls




Estrategia y Resultados

Normalization using external controls Narmalization using:

Caartrals

Contrals and
cells

Median ratio genes=1.8
|

A=log,V (R/G)

Normalization using endogenous genes

Ratio
Eanas:

Median ratio genels: 1.0 Lpragulated 37

S A=log. (R/G Diownregulatad 10,956




Resumen de Normalizacion

AN

Los sesgos sistematicos existen en datos de
microarray

La normalizacion puede quitar estos sesgos, y
dejar la biologia detras

PERO, si los supuestos son incorrectos, se pueden
introducir nuevos errores!

La correccion de Lowess de cada sector del
microarray basado en controles externos es
probablemente el mejor método

El mejor método es reducir al minimo los errores, y
utiliza buen diseno experimental



Affymetrix GeneChip

Affymetrix GeneChip'"
Oligonucleotide DNA Micro-Arrays

~107 oligonucleotides, all same sequence




Affymetrix GeneChip

The Affymetrix
GeneChip

Probe: 23 bases long single
stranded DNA oligos
Probe Cell: Single square-shaped
feature on an array
contaimning one tvpe
of probe. 24-30pm.
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Estrategia Expression Tiling

mAMNA relerence sequence

Spaced DNA probe pairs
Helarence seguence RAEAA N pIO0A. palk

TGTGATGGTGGGAATGGGTCAGAAGIGACTCCTATGTGGGTGACGAGGCC -

TTACCCAGTCTTCCTGAGGATACAGLGAG  Perivet Muwh Cuigo
TTACCCAGTCTTGICTGAGGATACACCCAC  memateh O

Fernect match probe cells

Fluorezcence Intensity Image

Mismatch probe cells
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Estrategia Expression Tiling

Probe Set — 16-20 probe pairs that can
uniquely identify a transcript

Probe Pair — One PM cell above MM cell
® Perfect match probe/mismatch probe

Each Probe: 25-mer

Probe cell : 1 million copies

Probe Set ——




Gene expression monitoring with oligonucleotide
arrays.

b
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TETGATOGTHUGGAATGGOTCAGAAGGACTDCTATOG TG OG TH AGEAGG O

a, A single 1.28 X 1.28 cm array
containing 45,000 probes sets.

«Probe: a single stranded DNA oligonucleotide
complementary to a specific sequence (25
bases long).

*Probe Cell: a single square-shaped feature
on an array containing one type of probe (50 or
24mm).

AATOGOTTATA CACTOOTATETOOGTE  Ferkd Matoh (igo
AATGOOTCAGA GACTCCTATGTOGOGTG  WeEmadch Chge
- Probe Set =
| 4 |
I-"m! | [
I | ! i ¥ |
N | Y / | k {

iF‘H s
Pn_:he ; Probe |l.l.!|
Pair |“ﬂ Cell

«Perfect Match: (PM) probes that are designed to be
complementary to a reference sequence.

«Mismatch: (MM) probes that are designed to be
complementary to the reference sequence except for
a homomeric base mismatch at the central (13th)

position (control for crosshybridization).




The Probe Cell Average Intensity

Probe cells : 24mm x 24mm
Scanner resolution
- Bmm/pixel = ~8 pixels x 8 pixels
.. = ~bdpixels/probe cell

Exclusion of the bordering pixels of the probe cell.
The remaining pixel intensity distribution is calculated, and

the intensity value associated with 75% of the distribution is
used as the Average Intensity of the probe cell.
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Lectura Recomendada
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The log transformation

— Provides values more easil
meaningful from biological

The idea of the log-ratio (bas
0: no change
+1: up by factor of 2! =
+2: up by factor of 22 = 4
-1: down by factor of 21 = 1/2
-2: down by factor of 22 = 4

A unit for measuring changes ine

1000 to 2000 units has a similar b
10000.
— Makes the shape of the -
distribution of the values
symetrical and almost normal I‘ |I
i I.Illlll-

Raw intensities

Log2 of Raw mtenmneé




General Pre-Processing techniques

« Combining replicates and eliminating outliers

— Depends on the number of values, standard deviation (10 replicates
with a low variance is better than 3 replicates with a high variance)

— Eliminating data situated outside +3a, then recalculating the
parameters and looking for new outliers until no more are detected.

« Array normalization

— Considered the diversity of the technologies, the best thing to do is be
able to compare data obtained with a given technology. The difficulty
s related to the fact that various arrays may have various overall
intensities: for Affymetrix chips: different overall mean of each
individual array, for cDNA arrays: difference between each individual
channel (dye) on the same array.

— The goal for both arrays (oligo and cDNA) is to normalize the data in
such a way that values corresponding to individual genes can be

comeared directlx from one arrax to another.
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* Array normalization

— Considered the diversity of the technologies, the best thing to do is be
able to compare data obtained with a given technology. The difficulty
s related to the fact that various arrays may have various overall
intensities: for Affymetrix chips: different overall mean of each
individual array, for cDNA arrays: difference between each individual
channel (dye) on the same array.

— The goal for both arrays (oligo and cDNA) is to normalize the data in
such a way that values corresponding to individual genes can be
compared directly from one array to another.



N
Normalization issues specific to cDNA data

« Background correction

— local background correction, sub-grid background correction, group
background correction, background correction using blank spots,
using control spots.

« Other spot level pre-processing

— unreliable spots in the image processing stage: Missing values are
deleted or replaced by an estimate.

« (Color normalization

— The 2 dyes used may have different overall efficiencies: a non-
linear dye effect with a stronger signal provided by one of the 2
dyes commonly found for cy3/cy5: then you have to perform a flip-
dye experiment: using the same mRBNA with both dyes.

— Then the color non-linear distortion can be corrected by

Curve fitting and correction

Lowess normalization

Piece-wise linear normalization

And many other approaches are discussed in the litterature.



Seleccion de Genes Expresados
Diferencialmente
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* Cambio en niveles de expresion (N°
veces)

° QOutlier
° Prueba de hipotesis
° ANOVA

* Estimacion de la probabilidad maxima
basada en modelo



Qué has estado midiendo?
- Una nota de precaucion

Comparacion distribuciones de Gauss y Lorentz normalizados

Mediana de

cuocientes _
Cuociente

de Medianas

Gaussian
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0.00
: Difference from mean
[l units

(PNAS October 1, 2002 vol. 99 no. 20 pp.12975—
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Diagramas de Dispersion
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* Util para representar valores de expresion de
genes a partir de dos experimentos de
microarray (control, experimento)

* Cada punto corresponde a un valor de la
expresion del gen

° La mayoria de los puntos caen a lo largo de una
I EE

* Los outliers representan genes para sobre
expresados o sub expresados



Methods for selecting differentially regulated genes

« Criteria:
— Distinction of 4 categories (in a binary decision situation as
changed/unchanged)
- Truly changed that are reported as changed: true positives
- Unchanged that are reported as changed: false positives
- Truly changed that are reported as unchanged: false negatives
- Truly unchanged that are reported as such: true negatives

— Define the 4 quantitative criteria
- Positive predicted value PPV=TP/(TP+FP)
« Negative predicted value NPV=TN/(TN+FN)
« Specificity=TN/(TN+FP)
« Sensitivity=TP/(TP+FN)
— accuracy=(TP+TN)/N
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Methods for selecting differentially regulated genes

« Level of intensity: Whatever method you are using, consider the lower
values as having the higher noise probability. If your normalization method
didn’t reduce the noise at the lower level, choose the statistical method in

function of its efficacity at the lower intensities.




Methods for selecting differentially regulated genes

*Fold change : For cDNA: ratio between the 2 dyes expression levels for each
gene on each array, for Affymetrix: ratio between the 2 conditions experiment/control
for each gene.

—Simple and intuitive method but may often be inappropriate as the fold

threshold is chosen arbitrarily: depending on the conditions of the experiments, a

fold change of 2 can be too high (low sensitivity) or can be too low (low
specificity)

Up-regulated genes, o

experiment

et .|I:E:
" Down-regulated genes D:‘:ﬁWmegulated genes

~ Control - - Control




Methods for selecting differentially regulated genes

*Fold change : For cDNA: ratio between the 2 dyes expression levels for each
gene on each array, for Affymetrix: ratio between the 2 conditions experiment/control

for each gene.
—Simple and intuitive method but may often be inappropriate as the fold
threshold is chosen arbitrarily: depending on the conditions of the experiments, a

fold change of 2 can be too high (low sensitivity) or can be too low (low
specificity)

 Unusual ratio:

— Uses the standard deviation of the ratio distribution as the unity. Generally
one chooses +20 obtained by a Z transformation of the log of the ratio
(subtract the mean and divide by the standard deviation): detects the 5%
most regulated genes (even if there are more genes regulated than that).




Methods for selecting differentially regulated genes

«Hypothesis testing, corrections for multiple comparisons and
resampling
»Univariate statistical tests: t-test gives you a p-value which is the
probability that the expression difference occurs by chance (error Type |).

»Since a lot of genes are considered at the same time, with very different
levels of expression, many different “corrections” and “approaches” can
be used depending on the experimental design:
v’ Bonferroni, Sidak,
v'the Holm step-down-group of methods, False Discovery Rate
(FDR), permutation and significance analysis of microarray (PAM and
SAM).

normalization processes...
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Estadistica Inferencial

-t—f-a-estadistica-deductiva se utiliza para hacer
inferencias sobre una poblacion de una
muestra.

° La prueba de hipotesis es una forma comun
de estadistica deductiva. Una hipoétesis nula
se indica, por ejemplo: “No hay diferencia en
la intensidad de la senal para los niveles de
expresion del gen en la cepa wild type y
mutante.” La hipoétesis alternativa es que hay
una diferencia.

* Utilizamos una prueba estadistica para
decidir si aceptar o rechazar la hipotesis nula.
Para muchos usos, fijamos el nivel de
significanciaa p < 0.05



Estadistica Estandar de t-test

AN

° Un t-test es una estadistica de prueba comun para
determinar la diferencia en valores medios entre dos
grupos.

x, -x, _ Diferencia entre valores promedio
S Variabilidad

° Preguntas:
* ¢Es el tamano de muestra (n) adecuado?
* ¢Los datos se distribuyen normalmente?
* ¢ Se conoce la varianza de los datos?
* ¢Es la varianza igual en los dos grupos?
* ¢ Es apropiado fijar el nivel de significancia a p < 0.05?

—




Revelacion Estadistica Sobre los Datos del
Array

AN == ] Decidua

DNA , [N
P ]Plaoenta .'((:Red) Fil e

(Green)

] Embryo @ CONA @7

E7.5 Extraembryonic and Preimplantation E12.5 Female gonad/ mesonephro
embryonic cDNA libraries  embryo cDNA libraries  and newborn ovary cDNA libraries

=

For Northern
o0:>5%
0:<5%

PNAS, 2000 Aug
1;97(16):9127-32.




Una Variedad de Soluciones
Deductivas

AN

omparacion Prueba parameétrica |No paramétrico

ompare dos grupos T-test desapareada |Prueba de Mann-
desapareados hithey

ompare dos grupos T-test apareada IPrueba de Wilcoxon
apareados

ompare 3 0 mas




t-test vs. Representacion de la
Regresion

N\

d[qeLeA juapuadog

A B

Dummy variable, (C)
Categorical independent variables



Representacion Geometrica de la
Regresion Lineal

NN\




La observacion de la respuesta se asume proviene de una
distribucion normal centrada verticalmente en el nivel implicado por
el modelo asumido

NN\

N(ﬁg+ .81 X, "32;}

An ——

observed
Y value

(Y;)




Analisis de la Varianza (ANOVA) para
Microarrays

NN\

Statistical Model: Spots!

Vig = M+ A+ D, +V, + G, + (VG),, + (AG),

{{ﬁ-ﬁ _J:.EJ .\E}“\ ®
' LY. Variety-by-Gene

e Lo . .
effects e*’cfec B

“ijkg

igr + (DG)S{Q .
G,

s

We assume that there Is iIndependent, random error
€ijg WIth mean 0.

Quantities of interest are expression levels of gene
specifically attributable to different varieties:

(ve)kgd (ve)kg

Kerr and Churchill



Objetivos de ANOVA

I\

° Un objetivo es obtener estimaciones no
sesgadas de los efectos de interes

°* Un segundo objetivo es tener barras de
error para esas estimaciones. Esto
permite decidir si las diferencias
observadas son significativas



Clave en el Analisis Microarray:
Inferencia

AN

* Inferencia estadisitca: Como identificamos
genes expresados diferencialmente entre
muestras?

* Mediante la diferencia entre las caracteristicas
de ambas muestras. Como agregar barras de
error a estas estimaciones para determinar
cuales son significativas?



Diagrama de Residuales

Rasidal ve. Yhai plot




Un Diagrama Residual Satisfactorio

N\




Ejemplos de Comportamiento Residual
Insatisfactorio

NN\

1. Varianza no constante;
se necesita minimos
cuadrados o0 una
transformacion de la
observacion

2. Error en analisis; podia
ser causado por omitir el
téermino b0

3. Modelo inadecuado
requiere términos
adicionales




Intervalos de Confianza
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Produce bootstrap simulated datasets

F S

& M P Fat -, e, e i, *
Vi =M+ A+ D +AD; + G, + (AG), + (VG)yq + (DG, + i

Igr

The g, are drawn independently from residuals of the

original model fit.

T " h*

Obtain bootstrap estimates (VG),, — (VG),4 for each bootstrap
dataset.

To form 99% confidence Intervals for (\/’G)qlg — (VG)EQ, take the
middle 99% of bootstrap estimates.
B Uk



Por qué hacer las pruebas de Fy t-test?

AN

Aunque estas dos pruebas proveen informacion equivalente en regresién
lineal simple con una variable independiente proporcionan informacion
diferente en regresién multiple:

* t-test de los coeficientes individuales
prueban si cada variable independiente,
considerada una a la vez, contribuye a
predecir la variable dependiente

° Prueba de F para el ajuste general prueba si
todas las variables independientes, tomadas
juntas, contribuyen a predecir la variable
dependiente



Prueba de Hipotesis

AN

° Plantear el problema: Se sobreexpresa el gen?
°*  Hipétesis nula y alternativa
H, X =U H, X £ U
° Nivel de significancia: 5%?
° Encontrar y calcular estadisticos apropiados
° Determinar p-value del test estadistico
* Comparar p-value con nivel de significancia
°* Rechazar o no la hipoétesis nula



Resultados de Prueba de Hipotesis

NN\

Reported by the test

Hy was not rejected

H, was rejected

Power=1-p0

True (but unknown) situation

Hy 1s true Hy 1s false

true negatives false negatives
(correct decision) (Type 11 error)
1l —a 15}
false positives true positives
(Type I error) (correct decision)
o 1-7



Criterios para el Exito Experimental
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TP
TP+ FP
IT'N
TN+ FN
T'N
BN B
TP
TP+ FN
TP+TN
N

EPV = Reported

changed | Positive pre-
dicted value

unchanged . Negative pre-
dicted value

NPV =

Sensitivity | Specificity
TP TN
TP+FN TN+FP

Specificity =

Sensitivity =

Accuracy = False Discovery Rate

PPV — positive predictive value
NPV —negative predictive value



Ejemplo del Diagrama SAM

Sobre
expresado
expresado
d(i) = X, (i)— X, (i) Relative difference in gene expression
S(I') +.5, with gene-specific scatter:

(i) = \/a{z(xmm — %))+ (x,() - %, (i)



Bayes’s theorem

“An essay towards solving a problem in the doctrine of chances”,

AN

By Rev. Thomas Bayes, 1763
Se han observado dos eventos, Ay B

1. A ocurre primero: B después de A -

2. B ocurre primero: A despuésde B —

La probabilidad de que B ocurra, dado que A ya ocurrié es igual a la
probabilidad de que A ocurra, dado que B ocurrio, multiplicado por la
probabilidad de que B ocurra y dividido por la probabilidad de que A
ocurra



Bayes y Test de Hipotesis

A\



Cuantas Veces Tengo que Hacer el
Experimento?

I\

Kouanbaig

Expression level/ratio for one gene



Puntos a Favor del Analisis

— Estadistico

Microarrays estiman la expresion relativa del gen. Cualquier
estimacion requiere una barra del error

El diseno experimental define el contenido de informacidén
de los datos, el modo de analisis, y la calidad de los
resultados

ANOVA es una herramienta natural para estudiar datos con
fuentes multiples de variacién. Proporciona un marco
global para el analisis de datos microarray, incluyendo
normalizacion, control de calidad, y la deteccion de
artefactos

Los datos de microarray, como cualquier otro dato
biologico, son ruidosos. Las herramientas analiticas mas
complejas deben considerar eso



Ventajas de Métodos Multivariados

AN

° Estan mas cerca a como pensamos de los datos

° Permiten una visualizacion y una interpretacion mas faciles de
disenos experimentales complejos

° Permiten para analizar mas datos simultaneamente (las pruebas
son mas sensibles y mas poderosas)

° Los modelos de la regresiéon multiple pueden dar mas informacion
respecto a relaciones estructurales subyacentes

° El analisis se centra en relaciones entre variables y tratamientos
mas bien que puntos individuales

°  Permiten un manejo mas facil de diseiios experimentales
desequilibrados y de datos faltantes que el analisis de la varianza
tradicional



Componentes del Analisis Multivariado
(MVA)

MULTIVARIATE ANALYSIS

l

Interdependence Dependence

Cluster Principal Factor Multivariate Canonical

i : . Correlation =— Regression
ﬁn.'ii]ys:s Components Analysis Scaling Snslveis

|

Functional Multiple

Relationship Contingency Discrimination

Model Distribution
Structure Theory

1 |

Tests of Hypotheses

Independence Significance Multivariate Multivariate
of of Analysis of Covariance
Variables Eigenvalues Dispersion Analysis

Heuristic
Tests




Estadistica Descriptiva

AN

* Los datos de Microarray son altamente
dimensionales: muchos millares de
medidas hechas de un pequeno
numero de muestras

* La estadistica (exploratoria) descriptiva
le ayuda a encontrar patrones
significativos en los datos



Por qué una Dimensionalidad mas Alta
de Vectores Correlacionados es Mejor?

I\

La probabilidad Prob,(|r|=r,) de que N medidas de dos

variables no relacionadas produzcan un coeficiente de
correlacion |r] 2r,. Los valores son probabilidades

porcentuales. Blanco indica valores bajo 0.05%



Correlacion y Dependencia
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Correlacion Lineal = 0.03

Dependencia No-Lineal:
Y = sin(x)

Variables Independientes

1

Correlacion Baja

PERO

Correlacion Baja

N

Variables In_dependientes




Qué Técnica es Correcta?

AN

* Clustering jerarquico

* Single, Average, Complete, Centroid
linkage, etc.

* Self Organizing Maps
* K-means clustering
* Otros métodos complejos



Usando Gene Ontology para
Determinar Clusters

AN

°* Muchos analisis microarray dan lugar a
una lista de genes interesantes

* Se puede componer una historia sobre
cualquier lista al azar de genes

° Mirar todas las anotaciones de GO para
los genes en una lista, y ver si el
numero de las anotaciones para
cualesquiera nodo GO es significativo



Las Categorias de GO

AN

° Biological Process = goal or objective (Why)

(e.g. DNA replication, Cell Cycle Control, Cell adhesion)
° Molecular Function = elemental activity/task (What)
(e.g. Transcription factor, polymerase, protein kinase)

* Cellular Component = location or complex (Where)

(e.g. pre-replication complex, kinetochore, membrane)

Cada categoria es un vocabulario estructurado, controlado



Relaciones Padre-Hijo

;AN

Un hijo es un subconjunto de elementos de un padre

Nucleus

NN

Nucleoplasm pclear Nucleolus Perinuclear
space

envelope
P Chromosome

El término del componente de la célula. El nacleo tiene 5 hijos



GO

DNA metabolism
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P-values de GO para una Lista de
Genes

AN

Podemos calcular la probabilidad del tener x de
de n genes con una anotacion a un nodo GO,
dado que en el genoma, M de N genes tienen
esa anotacion, usando la distribucion
hipergeometrica

B2 e
¢




Significancia de GO

AN

Para calcular un P-value, calculamos la
probabilidad del tener por lo menos x de las

anotaciones de n:
}” ¥ ¢
P value =1- % %




Formula para Probabilidad Hipergeomeétrica

[f k ) _ ways of selecting
N = Population size X/ x successes from among k available
‘, N — k| ways of selecting n — x failures

k successes n—x/ fromamong N — k available

N — k failures _
. ~ ways of selecting x successes
[k)[N: k}= and n — x failures from the
L\ n—x _ _
respective numbers available
n = Sample size
number of samples of size n

that can be selected from

)=
| the population of size N

X successes
n — x failures

hypergeometric probability of

(' k ] [ N-k ' getting x successes (and n — x
X\ =

hix;n,k,N) = N - = failures) in a sample of size n
( n ] drawn from a population of size
N containing k successes.




- _____________________________________________________
Functional Analysis

+ |dentify over-represented Gene-Ontology terms
— Biological Process
—  Molecular Function
—  Cellular Component

« Pathway Analysis:

—  Biocarta
—  GenMapp
-  Kegg

« Interactive Association Network : expression and / or
annotations based
—  Graphic visualization that explain the relationship between genes
—  Expression profile based
—  Annotation based
—  Literature



Flujo de Datos

The Experimental Process

Membrane

AN Erpc'{:menrs

Scanner | 2]

|
/ Data Management

Data E.htry Automated

{Print Data, GIPO,

Probes, Conditions) r——(——*———
) Shared Network Directory: | Image

L | * "I Processing

“, I : Dhat
- mautj ata | _

N

Web Interface
-

Retrieval * ' Storage

The Ifnage Image E‘;'ata

| The 15K Ser |
F I -
%Clone Da_t__a____; Other Clane Seﬁ]

Relational Database

Data Analysis

Links to Additional Data

(Download Data)

Chromosome
Literature




Bases de Datos de Microarray
Hay dos depdsitos principales:
* Gene expression omnibus (GEO) en NCBI

* ArrayExpress en el European
Bioinformatics Institute (EBI)



Gene Expression Omnibus en NCBI

Gene ExXpression Ommbus{GED) ' Main'page - MoZilla Firerox:
N O 1Y Bookmarks Tools Help

6,‘-’,2‘? |f-- htttp://www.ncbi.nim.nih.gov/geo/

mail - Inbox - zger... [EjFacebook }Banco de Chile U-Cursos :: Ziomara...

- Goog... & | Gene Expression Omnibus (... ¥

Gene Expression Omnibus: @ public functional genomics data repository supporting MIAME-C t data
submissions. Array- and sequence-based data are accepted. Tools are provided to help users query and download
experiments and curated gene expression profiles. More inform n =

DataSets

QUERYA

GEQO accession

GEO BLAST

Platforms

BROWSE:

» New account
» Recover password




Gene Expression Omnibus: Esquemay

‘

Sample GSM 169

| e g

Ejemplo

A. The entity-relationship
diagram for the GEO database

o

-

S

B. An actual example of three
samples referencing one platform
and contained in a single series

Nucleic Acids Research, 2002, Vol. 30,
No. 1 207-210



Recursos HT Genomicos

Resource name

Breast Caticer Cell Line Resource
ZGH Datahase
Chip DB

Drug & Aleohol Abusge Microatray Data
Consortivem

ExpressDB

GFlobal Gene Expression Group
IAExplorer
Mlicroarray cemnter

Mlicroarray project

Rochester Iuscle Databaze
HADE
BAGENET

Yeast Microarray Global Viewer

REMA Abundatice Databage

S&GEmap
Stanford Microarray Database

Grenie Expression Omnibus

1!2'
ll:l
ll:l

1'0
1'0

o
o
o
o

o
o
o
o

2'0

2'0
2'0
3'0

Institutions)

Mational Human Genome REesearch Institute, NIH
Institute of Pathology, University Hospital Charité
Whitehead Institute for Biomedical Research, MIT

Walke Forest University, Emotry Undversity, and Oregon Health and
Arietice University

Hatvard-Lipper Center for Computational Genetics

Secienice Park-Fesearch Divizion, Undversity of Texas MDD, Anderson
Cancer Center

Mational Cancer Institute, NIH
Children’s Mational MWedical Center
Mationial Human Geniome Research Institute, MIH

dchool of Medicine and Dentistry, Undversity of Eochester Medical
Center

Departement de Biologie Cellulaire et Moleculaire, CEA
Tohns Hopkins University School of Medicine
Laboratoire de genetigque moleculaire, Ecole Mormale Sup erieare

Computational Biology and Informatics Laboratory, University of
Pennsylvarda

Mational Cancer Institute and Mational Center for Biotechnology
Information, MIH

Dept. of Genetics, Stanford University School of Medicine
National Ceniter for Biotechnology Information, HIH

URL

httgpfiananw nhiar nib gowDIRCGRCREA000

http:Hfamba charte def~kachicghdatabase

hitpeAfroungad an it edufchindh public

http e wfubme. e duftmicroarray

httpfarep med hatrvard. eduwExpressDBE

httpfzciencepark mdanders o ox &

httpfAmnge-lech neifef gosnTWlA BExplorer

httpffmictoarray, cruncre search, orgy’

hittpSananw nhgrd nib. o TR e o array

hittpe e urme rochester. e dulsmdforel swindex himd
hitpenaw- dev. ceafithema’zetlzade html

httpfhenger . sagenet. org

httpfftranscriptome ens frivmer

hitp e chil upenn. edu/BEADZ

httpe e nebi nlm sib govfsage
httpfirananer dnachip.org

hittpefanene e nlm i govfgeo




Recursos Publicos para Microarrays

2 SEANTordMIErGarTay Database =IMGZilSIFIFEfo%)

File Edit View History Bookmarks Tools Help

NN\ '
v @ éﬁ% | B hitp://smd.stanford.edy/

U-Cursos :: Ziomara...

B8 stanford Microarray Database # |« Gene Expression Omnibus (... 3¢

B STANFORD MICROARRAY DATABASE

Search Help

PUBLIC DATA Recent Publications SITE INFO

Publications SMD Access: Access to non-public data is Iimited
S.0.U.R.C.E Regulat of interf 1 response gene activity during infliximab treatment in rheumatoid arthritis is to registered Stanford researchers and their
iated with clinical response to treatment. van Baarsen LG, et al. (2010) Arthritis Res Ther Collsboratocs. Pleass see ) oy fri e

fOSCOpE
12(1):R11

specific information. If you have further guestions
reqarding access, please e-mall the Stanford
SMD ANNOUNCEMENTS
. X . X . X X Microarray Database curators at
IGF-1 induced genes in stromal fibroblasts predict the clinical outcome of breast and lung cancer

SEURGE-has: beenpdated with.a patients. Rajski M, et al. (2010) BMC Med 8(1):1
new batch processing, probe

Proprietary Data: Please note that some data in
names and many mMore arganisms - Molecular signatures of quiescent, mabilized and leukemia-initiating hematopoietic stem cells. Forsberg He dakshase are proprietany s subject b begal
restriction on their use, re-use and distribution.
Those currently supported in SMD. EC, et al. (2010) PLoS One 5(1):e8785 !

Y. SHAD ) 2 This includes but Is not Imited to Affymetrix and

GenePattern has been updated to s — . " T ki Agllent oligonuclectide sequences and patented
Transcriptional response in the peripheral blood of patients infected wi = s
sequences. It Is the responsibilty of the person

include sparse clustering and SNP 3
Typhi. Thompson L3, et al. (2009) Proc Natl Acad Sci U S A 106(52):22433-22438 viewing or downlosding such data to ensure that

capabilities




Database Referencing of Array Genes Online
(DRAGON)

http://pevsnerlab.kennedykrieger.org/dragon.htm
AN




DRAGON: Search - Mozilla Firefox
File Edit View History Bookmarks Tools Help

v ..;_1; @ |& http://jpevsneriab.kennedykrieger.org/searchdbs.htm 2§~ [se referencing array dragon'@, |

5] Most Visited~ [+ Gmail - Inbox - zger... Facebook F§Banco de Chile U-Cursos :: Ziomara...

== DRAGON and DRAGON Vie... # |« Gene Expression Omnibus (... 3¢ -& DRAGON: Search

DRAGON View : Families | Order | Paths
DRAGON Map
The Pevsner Laboratory

1) Decide which database you would like to search by clicking on the radio button next to its name. Note: You can only search one database at a time.

2) Choose the types of information you would like provided by checking the appropriate checkboxes on the left.

3) Define the criteria for your search by typing them into the text boxes on the right. Note: You can check certain attributes on the lefi and not provide criteria for them on the right. If you do so, your
search will be performed based only on your criteria, but will return all the different types of information you requested for the genes or proteins matching your criteria.

4) Choose whether you would like to limit your search to a certain number of retumned genes

5) Press "Submit Query” in order to generate your search.

' Unigene:

| Find gene by name: Example: keratin
Find gene by cytoband: Example: Xq28
| Find gene by locuslink: Example: 3846

1 Find gene by expression area: Example: brain
1 Find gene by accession #: Example: L24158
' Swissprot:

| Find protein by subcellular location: Example: peroxisome

| Find protein by description: Example: synaptotagmin
| Find protein by GenBank number: Example: L24158

] Find protein by function: Example: DNA binding

| Find protein by keywords: Example: Signal

1 Find protein by PubMed #: Example: 1689460

1 Find protein by amine acld seq: Example: MSTNENANT
- Pfam:

Done




DRAGON Relates Genes
to KEGG Pathway

I UREA CYCLE AND METABOLIEM OF AMING GROUFS |
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Mapeo de Interacciones DNA—proteina y ORF
usando Microarrays

NN\

1. Crosslink DNA and Proteins 2, Immunoprecipitate Protein/DMNA Complexes
L o
f" 1-.." lIlll,.--r"‘-w. \

i

l
' Frgpmani DMA
15 PR T ™

Endogenous
3. Amplify and Label Nuclease?
Immunoprecipitated DA

1. Reverse
X-links

m— ORF DNA,
=== Intergenic DNA _
» s s Degraded DNA QO Proteins

Crosslinks

From Nagy P.L. et. al, PNAS vol. 100, 2003


http://www.pnas.org/content/vol100/issue11/images/large/pq1131966005.jpeg

Differential Methylation Hybridization

AN

|
generation of linker-ligated
genomic DNA

o o ¥V
N~ AL

methylation-sensitive restriction
enzyme digestion

v
TN TN s ’"\z’-'v’-&/

-
PCR amplification and
fluorescence labeling

|

L, no no no

:ﬂ?:j product product  ~~7 product

T methylated

CpG site ;_f:. ! | Pollack JR, Iyer VR.

«? unmethylated

Cpasite | ; A Nat Genet. 2002 Dec;32
Suppl:515-21

CpG island

microarray hypermethylated

CpG island




Hibridacion Comparativa en Microarrays

————Esquema estatico Esquema dinamico

e
o

o -._I -1 . 2
b, ) i — i

o T

4

A genomic 2\
S R
~ 59

B. No drug C. 10 ug/mi Novobiocin D, 500 ug/ml Novobiocin

DNA
microarray MYC

()

_ semdvomenmes Khodursky AB et al., PNAS, PNAS 2000 vol. 97

Pollack JR, lyer VR.
Nat Genet. 2002 Dec;32
Suppl:515-21
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http://www.pnas.org/content/vol97/issue17/images/large/pq1602746003.jpeg

Microarrays de Codigo de Barras
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Footprinting Genético

SELECTION

1 Sau3A

Sau3A adaptor | Tn10 Sau-primer

_| HostDNA <—Biotin Right Host DNA ~—

#- —_$
-~ Tn10 unoig— [
Sau-primer Left i Sau3A adaptor

vectorette PCR vectorette PCR
avidin capturing avidin capturing
nested primer PCR nested primer PCR

random priming - Cy3 Cy3 - random priming

/

HYB independently against DNA
exrtracted from cells before selection and labeled with Cy5

Proc Natl Acad Sci U S A. 1995 Jul 3,92(14):6479-83



Lectura Adicional: Analisis Deductivo

AN

Efron, B. and R. Tibshirani (2002). "Empirical bayes methods and false discovery rates
for microarrays.”" Genet Epidemiol 23(1): 70-86.

Ideker, T., V. Thorsson, et al. (2000). "Testing for differentially-expressed genes by
maximume-likelihood analysis of microarray data."” J Comput Biol 7(6): 805-17.

Kerr, M. K. and G. A. Churchill (2001). "Bootstrapping cluster analysis: assessing the
reliability of conclusions from microarray experiments.” Proc Natl Acad Sci U S A
98(16): 8961-5.

Kerr, M. K. and G. A. Churchill (2001). "Statistical design and the analysis of gene
expression microarray data.” Genet Res 77(2): 123-8.

Kerr, M. K., M. Martin, et al. (2000). "Analysis of variance for gene expression
microarray data."” J Comput Biol 7(6): 819-37.

Park, P. J., M. Pagano, et al. (2001). "A nonparametric scoring algorithm for identifying
informative genes from microarray data." Pac Symp Biocomput: 52-63.

Smyth, G. K., Y. H. Yang, et al. (2003). "Statistical issues in cDNA microarray data
analysis." Methods Mol Biol 224: 111-36.

Tusher, V. G., R. Tibshirani, et al. (2001). "Significance analysis of microarrays applied
to the ionizing radiation response.” Proc Natl Acad Sci U S A 98(9): 5116-21.

Wolfinger, R. D., G. Gibson, et al. (2001). "Assessing gene significance from cDNA
microarray expression data via mixed models." J Comput Biol 8(6): 625-37.

Yang, Y. H., S. Dudoit, et al. (2002). "Normalization for cDNA microarray data: a robust
composite method addressing single and multiple slide systematic variation."
Nucleic Acids Res 30(4): e15.




Methods:in Molecular Biolog)

VOLUME 224

: DNA Microarrays
Functional and Gene Expression
_ o From Experiments to Data Analysis and Modeling
WCNOMICS i Pierre Baldi and G. Wesley Hatfield
Methods and Protocols DOBSOGOELOOD e
; 298000080 coeoe®
e, e I N X XN N NN NN
Michael'). Brownstein B She e d DB a D
Arkady. B. Khodursky P HeERNSHOCBOGC

oRpesecooce
90cse0e000

CAMBRIDGE

Coleccion de protocolos
y contribuciones

Tour de fuerza en estadistica Un poco de todo Una guia para quienes saben
poco o nada del tema



Lecturas Simples en Estadisticay
Clasificacion

N\

Richard O. Duda
Peter E. Hart
David G. Stork

Statlstu

DITION

CLUSTER
1 | ANALYSIS

Roger Purves

Second Edition

IAN H. WITTEN
EIBE FRANK

Data

primer of

APPLIED REGRESSION
& ANALYSIS of VARIANCE

second edition

Mining

PRACTICAL MACHINE
LEARNING TOOLS and

TECHNIQUES with JAVA
IMPLEMENTATIONS

stanton a. glantz
bryan k. slinker




	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57
	Slide 58
	Slide 59
	Slide 60
	Slide 61
	Slide 62
	Slide 63
	Slide 64
	Slide 65
	Slide 66
	Slide 67
	Slide 68
	Slide 69
	Slide 70
	Slide 71
	Slide 72
	Slide 73
	Slide 74
	Slide 75
	Slide 76
	Slide 77
	Slide 78
	Slide 79
	Slide 80
	Slide 81
	Slide 82
	Slide 83
	Slide 84
	Slide 85
	Slide 86
	Slide 87
	Slide 88
	Slide 89
	Slide 90
	Slide 91
	Slide 92
	Slide 93
	Slide 94
	Slide 95
	Slide 96
	Slide 97
	Slide 98
	Slide 99
	Slide 100
	Slide 101
	Slide 102
	Slide 103
	Slide 104
	Slide 105
	Slide 106
	Slide 107
	Slide 108
	Slide 109
	Slide 110
	Slide 111
	Slide 112
	Slide 113
	Slide 114
	Slide 115
	Slide 116

