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Plan

Summarising data

— Numerically
» Center/location (mean, median and mode)
e Spread: SD, IQR, etc
— Graphically
» Histograms
» Densities
» Boxplots

Testing data
Using Excel for statistics ?
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Exploratory analysis of data

Summarising data (mean, standard deviation, etc)

Viewing your data in graphs to detect errors,
unusual values, trends and patterns

Particularly relevant to large datasets
Summarising means losing some information !

CIG workshop
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Measures of location: mean

“Arithmetic mean”

Sum of the values divided by the number of values
All observations treated equally

Suitable for symmetrical distributions

Sensitive to presence of outliers (“unusual values”)

Trimmed mean:
— “Olympic scoring”
— Remove extreme values (e.g. 10%) on each side before calculating the
mean

In R:
> mean( dat a)
> mean(data, trime0. 1)
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Mean: (lack of) robustness

Mean
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Trimmed mean

Trimmed mean (0.3)
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Side note: removing data

In the past, data was removed If it “looked” incorrect
— Gregor Mendel’s peas (results too good to be true)

— Albert Michelson’s data on the speed of light

— Johannes Kepler on planet orbits

Outliers do occur naturally

Data points can be removed (e.g. trimmed mean)
— If the decision is made before looking at the data; or
— If the discrepancies can be explained.

Otherwise, this Is akin to data snooping.

There are robust statistical methods which can
handle outliers.

CIG workshop
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Annual numbers of telephone calls in Belgium

200
|

150
|

MNumber of telephone calls (in millions)
50 100
|

1950 1955 1960 1965 1970

In R:
> |1 brary( MASS)

> dat a( phones)
> ?phones
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Measures of location:

Median

Median
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50% of the data 50% of the data

More appropriate for skewed distributions

Mean=Median if the distribution is symetrical
Not sensitive to the presence of outliers since it “ignores”

almost all the values

CIG workshop
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Quartiles and percentiles

1st quartile 3rd quartile

1
o OOEOOOOOOOO:OOO

— /,\ — = E——
25% of the data 50% of the data 25% of the data

xth percentile

S OOEOOOOOOOOOOO

——

X% of the data

In R:
> quantil e(data, 0.25)
> quantile(data, 0.5) # Sane as nedi an(dat a)

> quantil e(data, x)
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Median: resistance to outliers

Mecjian
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Mode

Mean=Median=Mode
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data.
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Spread

Narrower spread

Wider spread

Same mean
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Standard Deviation («ecart-type»)
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Mean

The standard deviation (SD, ) of a variable is the square
root of the average of squared deviations from the mean.

Used in conjunction with the mean.
Same unit as the data
In R: > sd( dat a)
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Interquartile range (IQR)

IQR= 3"d quartile — 1st quartile

A
4 A

1st quartile 3rd quartile

1
1
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— /,\ — e —
25% of the data 50% of the data 25% of the data

Used in conjunction with the median
InR: > | QR(dat a)
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Histograms

Histograms are an intuitive way to represent a large
number of data points:

— The range of the data is converted into a number of intervals
(“bins”), usually with the same width

— The number of observations which falls into each histogram is
counted and plotted as a bar

— Alternatively, a density scale can be used (area of each bar
represents the proportion of observations in each interval)

Main complication: choice of bin width/number of bins

Most statistical programs do a good job at choosing a
reasonable bin width, but manual override is sometimes
necessary.

ts:s - CIG workshop
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Histogram of mm

Area of this bar
represents the proportion
/\ of observations between
16 and 17.
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i R default parameters
5 2 (here: 1 bin for 5 units)
£ o
e [ l I l I l ]
-10 0 10 20 30 40 50
g o User choice
g < (1 bin for 0.5 units)
[T —
e [ l I l I l ":
-10 0 10 20 30 40 a0
> 2 User choice
5 24 (1 bin for 0.006 units)
S - | I | I | I 1
-10 0 10 20 30 40 50
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Density

A density describes the empirical or theoretical probability
distribution of a given variable (sets of data points).

“smoothed histogram”
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Density for normal distribution and SD

Area indicates the probability
that a random observation will
fall into this range.

34.1% | 34.1%

1 SD from the mean mean
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Representing data: « bar+arrow » plot

A

**
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A B
** n<0.01

Legend: mean of measurement for groups A (25 subjects) and B (18
subjects); arrows indicate the standard deviation in each group; two-sided
two-sample t-test.
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Boxplot

50% of the data is in the box

Outliers Whisker “Interquartile range” Outlier
N
/\1 \l - ~ l’
o 9 e 3090909090900 maah 1 0
N _/
~ / ~~ —~ —
Median

25% of the data is below the box 25% of the data is above the box

50% of the data is above
50% of the data is below

Outliers (unusual values) are those data points whose
distance from the box is larger than 1.5 times the
Interquartile range.

The whiskers extend to the last point which is not an outlier.
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Boxplots: example

If there are only a few datapoints in the boxplot, it can be
“degenerate” (i.e. not all features are present).

CIG workshop From Moritz et al., Anal. Chem. 2004 Aug 15; 76(16):4811-24
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Boxplot: a different example

In this case, the plots are made of several thousands of data points;
a boxplot with outliers would not be very relevant because there would

be too many of them.

CIG workshop
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Dataset 1 (500 points)

Individual
points with jitter
on y-axis

Histogram
and
density

Mean +/- SD

Boxplot
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Dataset 2 (37 points)

Individual
points with jitter
on y-axis

Histogram
and
density

Mean +/- SD

Boxplot

CIG workshop
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Dataset 3 (100 points)

Individual
points with jitter
on y-axis

Histogram
and
density

Mean +/- SD

Boxplot

CIG workshop
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Dataset 4 (4 points)

Individual
points with jitter
on y-axis

Histogram
and
density

Mean +/- SD

Boxplot

CIG workshop
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Many other possible graphs: pie chart
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Scatterplots

CIG workshop
Lausanne 1.12.2006



Linear regression

What is the “best” line which fits the data ?
Can we use it to summarise the relation between x and y ?

y =0.8 + Ox

y = 0.9 — 0.3x
y =1 — 0.6x

y=1.1-0.9x

y=0.5-1.2x

CIG workshop
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Least squares

The least-squares procedure finds the straight line
with the smallest sum of squares of vertical errors.

min(e,?+e,%+...+eg?)

CIG workshop
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Over all possible straight lines, y=1-0.6x Is the
“best” possible line.

y =0.8 + Ox

y = 0.9 — 0.3x
y =1-0.6x

y=1.1-0.9x

y=0.5-1.2x

CIG workshop
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Correlation

Indicates the strength of a linear relationship
between two variables

Also called linear correlation or Pearson’s
correlation.

Not to be confused with the “usual” meaning of the
word: a reciprocal relation between two variables.

Number between -1 and 1

Only a summary of the data (see the “Anscombe”
exercise).

Correlation does not imply causality !

CIG workshop
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Correlation and causality

Common cause or “lurking variable”:
— Number of storks and number of babies in some regions (+)
— Sales of ice creams and number of death by drowning (+)

— Distance between Europe and the USA and number of
people living in Europe (-)

Causality Is hard to prove

— Smoking and Lung cancer: Fisher’s objection of a common
cause

CIG workshop
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Examples of correlation between two variables

CIG workshop
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Correlation =0

CIG workshop
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Correlation =0
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Correlation =0
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Testing: Is my coin fair ?

Formally: we want to make some inference about P(head)
Try it: toss coin several times (say 7 times)

Assume that it is fair ( P(head)=0.5), and see if this
assumption is compatible with the observations.

# tosses | # heads | Comment ? Probability
1 1 Ok 0.50
2 2 Ok 0.25
3 3 Ok 0.12
4 4 Unusual 0.06
5 5 Surprising 0.03
6 6 Strange 0.02
7 7 | don’t believe it! 0.01

CIG workshop
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Number
of
tosses

Number of heads

0 1 2 3 4 5 6 7 8 9 10
1 0.5 0.5
1 0.5
2 0.25 0.5 0.25
1 0.75 0.25
3 0.125 0.375 0.375 0.125
1 0.875 0.5 0.125
4 0.0625 ]0.25 0.375 0.25 0.0625
1 0.9375 |0.6875 |0.3125 |0.0625
5 0.03125 | 0.15625 | 0.3125 |[0.3125 |0.15625
1 0.96875 | 0.8125 [ 0.5 0.1875
6 0.01563 | 0.09375 | 0.23438 | 0.3125 |0.23438 | 0.09375
1 0.98438 | 0.89063 | 0.65625 | 0.34375 | 0.10938
7 0.00781 | 0.05469 | 0.16406 | 0.27344 | 0.27344 | 0.16406 | 0.05469
1 0.99219 | 0.9375 |0.7734 |0.5 0.22656 | 0.0625
8 0.00391 | 0.03125 | 0.10939 | 0.21875 | 0.27438 | 0.21875 | 0.10939
1 0.99609 | 0.96484 | 0.85547 | 0.63672 | 0.36328 | 0.14453
9 0.00195 | 0.01758 | 0.07031 | 0.16406 | 0.24609 | 0.24609 | 0.16406 | 0.07031
1 0.99804 | 0.98047 | 0.91016 | 0.74609 | 0.5 0.25391 | 0.08984
10 0.00098 | 0.00977 | 0.04394 | 0.11719 | 0.20508 | 0.24609 | 0.20508 | 0.11719 | 0.04395
1 0.99902 | 0.98926 | 0.94531 | 0.82812 | 0.62304 | 0.37695 | 0.17188 | 0.05469
Significant evidence (p<0.05) that the 8 Probability of obtaining
coin is biased towards or tail| 0.04395 — 8 heads in 10 tosses
CIG workshop 10 0.05469 [*—— Probability of obtaining

Lausanne 1.12.2006
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Observations: taking samples

Samples are taken from an

underlying real or fictitious Underlying Population
population | E—

S_amples can be of different Sample 2
Size

Samples can be overlapping

Sample 3
Samples are assumed to be
taken at random and
iIndependently from each
other o
Samples are assumed to be Estimation:
representative of the Sample 1 => Mean 1
population (the population Sample 2 => Mean 2
“homogeneous”) Sample 3 => Mean 3

CIG workshop
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Sampling variability

Say we sample from a population in order to estimate the population
mean of some (numerical) variable of interest (e.g. weight, height,
number of children, etc.)

We would use the sample mean as our guess for the unknown value of
the population mean

Our sample mean is very unlikely to be exactly equal to the (unknown)
population mean just due to chance variation in sampling

Thus, it is useful to quantify the likely size of this chance variation (also
called ‘chance error’ or ‘sampling error’, as distinct from ‘nonsampling
errors’ such as bias)

If we estimate the mean multiple times from different samples, we will get
a certain distribution.

CIG workshop
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Central Limit Theorem (CLT)

The CLT says that if we
— repeat the sampling process many times
— compute the sample mean (or proportion) each time
— make a histogram of all the means (or proportions)

then that histogram of sample means should look like the normal
distribution

Of course, in practice we only get one sample from the population, we
get one point of that normal distribution

The CLT provides the basis for making confidence intervals and
hypothesis tests for means

This is proven for a large family of distributions for the data that are
sampled, but there are also distributions for which the CLT is not
applicable

CIG workshop
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Sampling variability of the sample mean

Say the SD in the population for the variable is known to be some
number s

If a sample of n individuals has been chosen ‘at random’ from the
population, then the likely size of chance error of the sample mean
(called the standard error) is

SE(mean) =s / On

This the typical difference to be expected if the sampling is done twice
independently and the averages are compared

4 time more data are required to half the standard error
If s is not known, you can substitute an estimate

Some people plot the SE instead of SD on barplots

CIG workshop
Lausanne 1.12.2006



Central Limit Theorem (CLT)

Samplel — Meanl A
Sample2 — > Mean 2
Sample3 — Mean 3

Sample4 — Mean 4 >

Sample5 — Mean5

Normal distribution
Sample6 — Mean 6

Mean : true mean of the population
SD :s/(n

CIG workshop
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Hypothesis testing

2 hypotheses in competition:

— H,: the NULL hypothesis, usually the most conservative

— H, or H,: the alternative hypothesis, the one we are actually

Interested in.

Examples of NULL hypothesis:

— The coin is fair

— This new drug is no better (or worse) than a placebo

— There is no difference in weight between two given strains of mice

Examples of Alternative hypothesis:

— The coin is biased (either towards tail or head)
— The coin is biased towards tall

— The coin has probability 0.6 of landing on tail
— The drug is better than a placebo

CIG workshop
Lausanne 1.12.2006



Hypothesis testing

We need something to measure how far my observation is from what |
expect to see if H, is correct: a test statistic

— Example: number of heads obtained when tossing my coin a given
number of times:

Low value of the test statistic ~ more likely not to reject H,
High value of the test statistic  more likely to reject H,

Finally, we need a formal way to determine if the test statistic is “low” or
“high” and actually make a decision.

We can never prove that the alternative hypothesis is true; we can only
show evidence for or against the null hypothesis !

CIG workshop
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Significance level

The p-value is the probability of getting a test result that is as or more
extreme than the observed value of the test statistic.

If the distribution of the test statistic is known, a p-value can be
calculated.

Historically:

— A predefined significance level ( ) is defined (typically 0.05 or 0.01)

— The value of the test statistic which correspond to the significance level is
calculated (usually using tables)

— If the observed test statistic is above the threshold, we reject the NULL
hypothesis.

Computers can now calculate exact p-values, which are reported
“p<0.05” remains a magical threshold
Confusion about p-values:

— Itis not the probability that the null hypothesis is correct.
— Itis not the probability of making an error

CIG workshop
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Hypothesis testing

How is my test statistic distributed if H, Is correct ?

H{_/ H_J

P(Heads <= 1) = 0.01074 P(Heads >= 9) = 0.01074

CIG workshop
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One-sided vs two-sided test

The choice alternative hypothesis influence the result of the
test

If H, Is “the coin Is biased”, we do not specify the direction of
the ‘bias and we must be ready for both alternatives (many
heads or many tails)

This is a two-sided test.

If the “total” significance Is e.g. 0.05, it means we must
allow /2 (0.025) for bias towards tail and /2 (0.025) for bias
towards head.

If H, is “the coin is biased towards heads”, we specify the
dlrectlon of the bias and the test is one-sided.

Two-sided tests are usually recommended because they do
not depend on some “prior information” (direction), although
they are less powerful.

CIG workshop
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One-sided vs two-sided test

One-sided
e.g.H,: >0

Two-sided
e.g. Hy: #0

CIG workshop
Lausanne 1.12.2006

5%

(

2.5%

o

2.5%

L




Errors in hypothesis testing

Decision| not rejected rejected
Truth negative  |positive
H, Is true X
specificity Type | error
True negative TN | False Positive a
H, is false Type Il error Power 1 - b;
False Negative b |Sensitivity

True Positive TP

CIG workshop
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Power

Not only do you want to have a low FALSE positive rate, but you would
also like to have a high TRUE positive rate — that is, high power, the
chance to find an effect (or difference) if it is really there

Statistical tests will not be able to detect a true difference if the sample
size is too small compared to the effect size of interest

To compute or estimate power of a study, you need to be able to specify
the a level of the test, the sample size n, the effect size d, and the SD s
(or an estimate s)

In some types of studies, such as microarryas, it is difficult (impossible?)
to estimate power, because not all of these quantities are typically
known, and will also vary across genes (e.g. different genes have
differing amounts of variability)

CIG workshop
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Permutation test

Also called randomization test, rerandomization test,
exact test.

Very widely applicable class of tests

Introduced in the 1930s

Usually require only a few weak assumptions

These tests often have good power

CIG workshop
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5 Steps to a permutation test

Analyze the problem: identify the NULL and Alternative
hypotheses

Choose a test statistic (TS)
Compute the TS for the original labeling of the observations

Rearrange (permute) the labels and recompute the TS
for the rearranged labels (do for all possible permutations
or a high enough number to be representative)

Decide whether to reject NULL based on this permutation
distribution.

CIG workshop
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One sample t-test

Is the mean of a population equal to a given value ?

Example:

— Given a gene and several replicate microarray
measurements (log ratios) g,, 9,, ..., g, Is the gene
diffentially expressed or, equivalently, is the mean of the
measurements different from to 0 ?

Hypotheses:
— Hy: mean equals  (given value, often 0)

— H,: could be for example
e mean different from
 mean larger than |
e mean equals ; (another value

CIG workshop
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One sample t-test

Test-statistic (Student'’s t-statistic): X - 1,

T =
VS*/n

Where
— X is the average of the observations
— S is the (estimated) standard deviation
— nis the number of observations
— ,Isthe given value

Intuitively:

— Denominator is small (difference is small)  test statistic small  tend
not to reject H,

— Sis large (observations are spread out)  test statistic small  tend not
to reject H,

— nis small (few data points)  test statistic small  tend not to reject H,

CIG workshop
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One sample t-test

If the means are equal (H, Is correct), the value T
follows a known distribution (t-distribution)

The shape of the t-distribution depends on the
number of observations: If the average I1s made of n
observations, , we use the t-distribution with n-1
degrees of freedom (t,_,).

— If nis large, t,_; Is close to a normal distribution

— If nis small, t,_, iIs more spread out than a normal
distribution (penalty because we had to estimate the
standard deviation using the data).

CIG workshop
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One sample t-test: example

H,: the true mean is O; H,: the true mean is not O
10 data points; mean: 0.82, SD: 0.93 T=2.80
t9
/
2.5% 2.5%
-2.26 2.26

P-value: P(|T| >= 2.80) = 0.02

CIG workshop
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Comments and pitfalls

The t-test assumes that the different observations are
iIndependent and that they follow a normal distribution.

t-test is robust, in the sense that even if the distribution of
values is not exactly normal, it will still work.

If the distribution is far from normal, the test will be less likely
to yield significant results

Other tests may be required to obtain significance (for
example permutation test).

The basic t-test is not popular for microarrays, because the
estimation of S is unstable (small sample size)

CIG workshop
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Two samples t-test

Do two different samples have the same mean ?
Test-statistic: V- X

T = ==
Where

— y and x are the average of the observations in both populations
— SE is the standard error for the difference (see a book for details)

If H, Is correct (no difference in mean), the test statistics
follows a t distribution with n+m-2 degrees of freedom (where
n, m is the number of observations in each sample).

CIG workshop
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Pitfalls In hypotheses testing

Even if a result is ‘statistically significant’, it can still be due to
chance;

Conversely, if a result is not statistically significant, it may be
only because you do not have enough data (lack of power)

Statistical significance is not the same as practical
Importance;

A test of significance does not say how important the
difference is, or what caused it;

A test does not check the study design;

If the test is applied to a nonrandom sample (or the whole
population), the p-value may be meaningless;

Data-snooping makes p-values hard to interpret: the test
should be fully defined BEFORE data are looked at.

CIG workshop
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1000 simulated coin tosses

HTHHTTHHTTTTTTTTHTTHHHHHHT TTTTHHHHHHTHTH
HTHTHHHHHTHHT TTTHHHHTHTHTHTTHHTTTTTTHHTT
TTHHTTHHTTHHHT THHHHTTTHTTHHHHHHHHHTTTTHH

TTTHTHTHTHHHHHTTHHTTHHTTTHTTTHTHTHTHHHHH
TTHTTTTHTTHHTTHTTTHTHHHHHHTHHHHTHTTHTTHH
TTHHTHTTTHTHTHHTHHTTHTHTHTTHHHHHTTTTTHHT
HTTHTHHTTTHHTTHTHHTTTTTTTTHHTHHTTTHHHHHH
HHHHHHHTTTTTHTHTTTTHHHTTTTTTTTTHTTHTHTTT
HHTHTTTTTTTTTHHTTHTHTHHHTHHHHTTHTTHHHTHT
THHTTHTHHHHHHHTTTHHHHHHHTTTHTHHTTTHHHTHH
HTTTTHHHHTTTHTTTHTHTHHHTTTHHTTHHTTTHTTTT
TTTTHTTTHHTTHHHTTHTTHTHHTTHHHTHHHHHTTTHT
HTTTTHTHTHTHHHTTTTTTHHTHTTHHTTTHHTHTHTHT
TTTTHHHHTHHHHTTTTHTTTHHTHHTTHHTTTHTTTTHT
HHHTHTTHTHHTTTTHTTHTTTHTHHTTTHTTHHTTHTTT
HTTTHHHHHTTTHTTHTTHHTHTTTHHHHHHHHTHHTHTH
HHTTHHTHTTTHHHHHTHHTHTHTTTHTTTTHTHTTTHHT
HTTTTHTHTTTHTTTTTTTTH|TTTTTTTTTTT|HHTHTHTH
TTTHHTHHTTTTHTTHTTHHTTHTHHHHHTTHHHHHTHTH
HTHHHHHHTHHTHHHHHHHTHTHHHTHHTHHTHHHTHTTH
TTTHTTTHHTTTTTTTTTTHHHHHHTTHHTHTTTHHHHHH
TTTTTHHHTHHHHTTTTTHTHHHHTTTHHHTTTHHHTHHH
THTHTTHHTHHTHHHHTTTHTHHTTHHTTTHTHTTHTTTT
TTTTHTHHTHTTHTTTTTTTTTTHHHHHTTHHTHHTHTHT
HHTTTTTHTTHTTTHTHTHTTTHHTHTHHTTHHHHHHTHT

—_— e e e e e e e e e

[41
[81
121
161
201
241
281
321
361
401
441
481
521
561
601
641
681
721
761
801
841
881
921
961

[ L S [ Sy WS oy R oy Ay N y SRy B iy U ) S}

CIG workshop

Lausanne 1.12.2006



Multiple testing

Observation of 11 consecutive “tails”

Very improbable with a fair coin (p < 0.0004)

Does it mean that the coin is biased ?

P-values are valid if only one test is done
— 11 consecutive tails in 11 tosses would be significant
— 11 consecutive tails in 1000 tosses is not

If several tests are conducted, the significance of each of them is
reduced

— “If you try more often, you are more likely to succeed, even just by
chance.”

— If an event has probability 1/1000 every time you try, and you try 1000
times, it is likely to happen at least once.
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Multiple testing

Statistical procedures can adapt the results in the case of multiple
testing

— Most well-known and conservative: Bonferroni
— Divide significance threshold by number of repetitions

— Example:
» 1000 tests with threshold 0.01  corrected threshold = 0.01/1000 = 0.00001

— Other procedures are less stringent

Particularly relevant for microarrays:

— Showing that 1 preselected gene is differentially expressed (p=0.01)
may be interesting.

— Showing that 1 gene out of 10,000 is differentially expressed (p=0.01) is
probably not interesting.
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Use of Excel for statistics ?

Extensively tested

— Known bugs

— Limited functions

— Not particularly easy for slightly advanced functions

http://gcrc.ucsd.edu/biostatistics/Excel.pdf
http://www.practicalstats.com/Pages/excelstats.html
http://www.aqgresearch.co.nz/Science/Statistics/excelusel.htm
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Errors

Non-robust procedures
(standard deviation)

Linear regressions can fail if the data is close to being
colinear

Excel’'s random numbers are not as random as they should
be
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Annoyances

Many standard methods are not available in Excel
— Boxplots, non-parametric statistical tests, etc.

Other methods only offer basic options (linear regression)

Several Excel procedures are misleading (confidence
Intervals)

Different analysis require user to reorganize the data

Many types of graphics violate standards of good graphics.
— perspective, glitz
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Solutions ?

Probably ok for simple calculations (*accounting”, basic
summary statistics, simple regression)

Little chance of having problems with more complicated
problems (but you may not notice if it happens...)

Missing functions: add-ons (e.g. StatPlus)

Excel-like environments
— Minitab (http://www.minitab.com/)
— KaleidaGraph (http://www.synergy.com/)

S-Plus, R, SAS, other statistical packages
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R

“S Is a programming language and environment for all kinds of computing
Involving data. It has a simple goal: to turn ideas into software, quickly
and faithfully.”

John M. Chambers, Bell Laboratories (major contributor and developer of the S language)

S-Plus: commercial implementation of the S language

R: free software implementation of the S language
(http://www.r-project.orq)

Developed by R. Gentleman and R. lhaka (U of Auckland, NZ) during the
1990s

Advanced statistical computing system, freely available for most
computing platforms.

Updated versions available every 3-4 months
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Pros and cons

Powerful, state-of-the-art Not very easy to learn (many details)
Used by professional statisticians Easy to forget
Lot of documentation Learn by example

Learn by example Documentation sometimes cryptic
Easy to extend Not very (easily) interactive

— Modify and improve Command-based

— Create add-on packages Memory intensive

— Many already available Still evolving: backward-compatibility
Freely available has been an issue

Unix, Windows & Mac Slow at times

If you “just want to do statistical analysis”
Easy to find alternatives

If you intend to do microarray data analysis
Probably one of best options
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Bioconductor

http://www.bioconductor.org
2001 by Robert Gentleman (Dana Farber Cancer Institute)

Open source and open development project for the analysis of
biomedical and genomic data.

About 25 core developers, at various institutions
Provides many additional R packages for statistical data analysis in
biosciences:
— SNP
— SAGE
— CDNA microarrays,
— Affymetrix chips,
— eftc.
Packages are often created by the inventor of the method of analysis.
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More questions ?

Frederic.Schutz@isbh-sib.ch
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