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Synopsis
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Normalization before 2007
Around 2007

What we do now




What is normalization?




Normalization (statistics) from wikipedia

* In statistics and applications of statistics, normalization
can have a range of meanings. In the simplest cases,
normalization of ratings means adjusting values measured
on different scales to a notionally common scale, often
prior to averaging.

In the case of normalization of scores in educational
assessment, there may be an intention to align
distributions to a normal distribution. A different approach
to normalization of probability distributions is quantile
normalization, where the quantiles of the different
measures are brought into alignment.




In bioinformatics, the term has a broader meaning

High-dimensional genomic, proteomic and other omic
data, can be affected by a wide range of unwanted
variation.

For example, batch effects due to time, space,
equipment, operators, reagents, sample source and
guality, environmental conditions,...the list goes on...

Also, platform differences both within and across
manufacturers, and often familiar assay artifacts.

It is often hoped that normalization will fix all these.
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Affymetrix

Agilent lllumina lllumina GA-2
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lllumina Infinium Human Methylation
Beadchips : a special problem

The 27k probes are on the 450k chip.
Wanted: to combine data from these two arrays.




Normalization before 2007




* The ideas which follow, particularly lowess and
quantile normalization, originated in the world of
gene expression microarrays, and that’s where
I'll discuss them.

However, they have since been applied to many
other kinds of microarrays ( SNP, tiling,
methylation, copy number,...), as well as in
proteomics (mass spec) metabolomics (LC-MS,
GC-MS, NMR), RNA-seqg and other DNA
sequence data, and elsewhere.




Normalization of 2-color microarrays

Why?
To correct for systematic differences between
samples on the same slide, or between slides,

which do not represent true biological variation
between samples.

How do we know it is necessary?

By examining self-self hybridizations, where no
true differential expression is occurring.

We find dye biases which vary with overall spot
intensity, location on the array, plate origin, pins,
scanning parameters,....




Self-self hybridizations




Normalization: methods

a) Normalization based on a global adjustment

log, R/G -> log, R/G - ¢ = log, R/(kG)

Choices for kor ¢ = log,k are ¢ = median or mean of log ratios
for a particular gene set (e.g. housekeeping genes). Or, total
intensity normalization, where k =3 R/} G..

b) Intensity-dependent normalization.

Here we run a line through the middle of the MA plot, shifting
the M value of the pair (A,M) by c=c(A), i.e.

log, R/G -> log, R/G - c (A) =log, R/(k(A)G).

One estimate of ¢(A) is made using the LOWESS function of
Cleveland (1979): LOcally WEighted Scatterplot Smoothing.




Microarray data (Affymetrix technology)




Affymetrix normalization: why and how

For why, see next slide. In general, probe-level data from
different chips look different: location, scale, extremes. We
can tell from replicate data that this is not due to
compositional differences in the mRNA.

Initially Affymetrix simply multiplied each chip’s probe set
summaries by a scale factor, in order to give every chip’s
data a standard mean value (100 or 500).

Later Li & Wong (in dChip) introduced their invariant set
normalization, which | won’t describe.

Next, Bolstad et al introduced quantile normalization as a way
to make the distribution of probe intensities the same for
every chip. Though not without problems, this has caught
on, and we now describe it.

14




Density plots of log(PM-*BG) for some of the 59
spike-in chips




The quantile normalized density

- After Quantile Normalization




Quantile normalization

* Quantile normalization is a way of making the distribution
of probe intensities the same for every chip. It extends the
familiar idea of matching means and standard deviations
(usually to 0 and 1, respectively) to matching all quantiles:
medians, upper and lower quartiles, quintiles, deciles, etc,
l.e. all quantiles.

Matched to what? The reference distribution could be
anything we wish, but in this case the normalization
distribution is chosen by averaging each quantile across
the batch of chips currently being analysed. This idea is
based on the belief that the data should be adjusted the as
little as possible, consistent with achieving our goal.

The diagram that follows illustrates the transformation from
one chip to the normalization distribution.
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Quantile normalization: formulae

Sample (raw) Reference (norm)

Xnorm = |:norm_1 (Fraw(x))

Density
function

Cumulative
distribution
function




Quantile normalization: in words

The two distribution functions are effectively
estimated by the sample quantiles.

Looking at post- vs pre-normalization (natural and
log scales), we can see that the transformation is
non-linear.

After quantile normalization, variability of

expression measures across chips reduced, at
least between replicate chips.

It was hoped that quantile normalization will
remove all artifactual but no biological variation
between non-replicates. Neither is true in general.
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Quantile normalization is not enough

(84 Affy chips, 3 labs, 2 chip types, 3 brain regions)

PCA plot of raw expression PCA plot of BG+QN+LS
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Around 2007 CARCED.

The limitations of quantile normalization had
by then become very well known, and some
people had decided to do something about it.
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Sparse Statistical Modelling in Gene
Expression Genomics

Joe Lucas®, Carlos Carvalho®, Quanli Wang®?, Andrea Bild?, Joe Nevins®

and Mike West®

Duke University

In: Bayesian Inference for Gene Expression and Proteomics,
(eds: K.A. Do, P. Miiller and M. Vannueci),
Cambridge University Press, 2006

Book chapter 2006
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What did they do?

All incorporated “normalization” into their
statistical models, rather than regarding it as
a pre-processing step

Most used a form of factor analysis (see later)
Some used negative controls (see later)

They all helped improve analyses.




What we do now

We = me, Johann & Laurent (et al)




We recognize different goals and we
tailor the “normalization” to the goal.




Some scientific goals sought using
gene expression microarrays and
analogous platforms

Quantification of expression
Differential Expression (DE)
Classification

Correlating genes




Some consequences of
Unwanted Variation

Poor quantification of expression
False discoveries (type 1 errors)
Missed discoveries (type 2 errors)

Incorrect predictions

Poor estimates of correlations




Aim for today

To describe some ways of

* identifying and removing (i.e. adjusting for)

unwanted factors, when aiming to achieve
these goals, and

* telling whether or not it helped.




| will begin with Differential Expression




The model we and others use

m samples, n genes, k unwanted factors

men = mprBpxn + + &

where
Y'is a matrix of gene expression measurents, observed,
X carries the factors of interest, observed,
[ are gene coefficients, unobserved,

carries unwanted factors, unobserved,

are gene coefficients, unobserved,
€ are errors, unobserved.




The model we use in pictures

samples =
m m
n

genes

X3,

Term of interest

ik

Influence of the factor of
P interest on the i gene k Influence of the UV
? on the i*" gene

Unwanted term

X = Factor of interest (e.g
tumor (1) vs normal (-1))

Random noise term




We might have genes not affected by X

Sample 1

Call such genes controls.




Our solution: Use control genes

controls: Assume S, = 0.

Positive controls: Assume B # 0.

“controls” in this context means
“controls w.r.t. differential expression”




Using the controls c

Y.=Wa, + ¢,

Just do a factor analysis on the controls!

Examples of controls
* housekeeping genes,

« spiked-in controls
 suitable empirical controls

This works, but we can do better
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Introducing RUV-inv

We illustrate with RUV-4 (details omitted), and put K=m-1
(the largest possible value). We don’t need an SVD, and
we find

/;)RUV—inv — [Xl‘ ()/C)/Cl‘ )—1X]—1xl‘ ()/C)/Ct )—1Y

This is the generalized least squares estimator using a
covariance matrix based on data from the
genes (others use all genes). We estimate SEs differently.




Ex: gender differences in the brain
(Vawter et al, Neuropsychopharmacology 2004)

5 men, 5 women
3

Each sample was analysed in 3 using one of
2 Affymetrix : HGU95a, HGU95av?2

There should be (5+5) x 3 x 3 =90 arrays, but 6 are
missing, so there are just 84.

We’ll focus on gender (sex) : we estimate (5, and
rank genes by p-value.

Positive controls: genes on the Y or X chromosome.

40




Ex: gender differences in the brain
(Vawter et al, Neuropsychopharmacology 2004)

5 men, 5 women

3

Each sample done in 3

2 Affymetrix : HGU95a, HGU95av?2

There should be (5+5) x 3 x 3 =90 arrays, but 6 are
missing, so there are just 84.

We’ll focus on gender (sex): we estimate B, and rank
genes by p-value.

Positive controls: genes on the Y or X chromosome.
There is ! ’




(52 +509") x 3 regions x 3 labs on chips v1, v2

84 Affy chips. Shape = lab

PCs based on
all genes. No
preprocessing

Closed/open
= chip v1/v2
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Same plot with gender




Same plot with brain regions indicate
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Some illustrative results

No adjustment 7
With 3 d.f. Z 7
ComBat 11
SVA (two-step) 10
LEAPP 11
ICE 8
RUV-2 (k=10)
RUV-4
RUV-rinv-ev(E)




A microarray experiment with central
retina tissue from the rd7 mouse: 4 times x 3

rd1 is a mouse model of retinitis pigmentosa: loss of rod
photoreceptors, followed by that of cone photoreceptors

0 20 40

-20

Principal component 2

40

-150

Principal component 1

Light blue: 2 months
Dark blue: 4 months

Purple: 6 months
Red: 8 months

Very severe
batch effects
Ideally we would have

seen 4 tight groups of
3¢, ¢ ¢and° resp.




Removing severe batch effects

* Initially no significantly downregulated retinal
genes were found between 2 and 8 months (left
volcano plot on the next slide). Neither ComBat
nor SVA worked.

Using RUV (right plot on the next slide), we were
able to find several significantly down-regulated
retinal, even cone-specific genes, which were
later confirmed.
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Standard analysis Analysis with RUV

Green dots: genes ‘ Includes cone genes
expressed in the retina '
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Classification




Our model remains the earlier one

I :' —.
= +

Here X embodies the class label information when
known, and is unobserved when not known.




Some notation

Let X, be the reduced version of X including only
the samples in which Xis known.

Let X, be the reduced version of X including only
the samples in which Xis not known.

Let W, be the reduced version of W including only
the samples in which Xis known.

Define W,, Y,, Y,, €, and g, similarly.




How to proceed?

We know how to remove the unwanted variation from
Y, : X, is known, and so we can use RUV-2, RUV-4 or
RUV-inv to estimate W, and a, and remove W,"a" .

How can we estimate and subtract W, a , when Xis
not known?

We have two ways, named Methods A and B, details
omitted. Lots of simulations were done.




Ex: gender differences in the brain, 2

12,685 probe sets

799 housekeeping (HK) genes, 33 spike-in
controls

We remove genes on the Y chromosome, XIST and
DDX3X, for otherwise, predicting gender is too easy.

Training set 60. Validation set 24. Results are averages
over 100 random training/validation splits. In each
case”, the classifiers are based on the top 10 ranked
differentially expressed genes in the training set.
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Estimated accuracy rates

Avgs of 100 random SVM LDA ALDA GImnet*

Unadjusted .57 58 .57 71
fSVA (Leek et al, 2012) : 64 .64 72
RUV-inv only : .68 .64 -

RUVBIinv (HK) . 85 .88 .83

RUVBinv (full) . 83 .85 .84

*a =1, own variable selection
ALDA = Aiagonal LDA 22







Our model remains the earlier one

= +

Here X and W are unobserved, and we want to subtract Wa.

Impossible?
Naive methods — not today
Replicate-based methods




Replicates give information on UV

Suppose that arrays i and i’ are both assays on the
same sample. Then

Y= Y.= (X8 + Wia+ &) — (X; + Wia+ g;)
= (Xi— X)B + (W, - Wy)a + (&~ €,)
= (W~ W)a + (&, &)

l.e., differences between arrays contain only UV.




“Replicate controls™

« Suppose that we have m, replicate pairs of
CHEVE

» Let Y, denote the m xn matrix of differences
Now compare

Y.=XB,+Wa_,+¢ec.=Wa, + ¢,
with

Y,=XB+Wa+¢e =Wa+e¢,

Control genes can be used to identity W.
“Replicate controls” can be used to identify a.




Dealing with triplicates, etc.

Let m be the number of arrays and m’< m the number of
samples. Define the mxm’ matrix M that maps arrays to
samples as follows: M(i,k) = 1 if array i is an assay of
sample k, and M(i,k) = O otherwise. Note that the Z4X)

is included in Z{M).




GLS appears: RUV-III

Choose K= m-m’, the maximum, for the SVD step.
Then no SVD is required, and we find that

Yadj — [Mt(YCI/Ct)_lM]_lMt(I]CYCt)_IY

Let’s see how this goes with the brain (gender) data.




First two PCs of raw brain data
(without preprocessing)

No sign
of brain
regions
(colors)
clustering




RUV-IIl applied to the brain data

(without preprocessing)

Brain
regions
CB,

appear




Generalizing RUV-III

We need not limit M to technical replicates. Any
grouping of arrays over which a factor of interest is
constant will do.




All ACC (red) treated as replicates

(without preprocessing)
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PC2 vs PC1 for 12 zf RNA-seq runs:
(in duplicate)
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PC2 vs PC1 of normalized data
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