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M otivation

The lab biologist and theoretician need to make a concerted effort to design experiments
that can be realised and analysed.

/ \ Vingron M. (2001), Bioinformatics, 17:389-390
lab capacities enough information
financial issues unbiased information

Proper experimental design is needed to ensure that questions of interest can be
answered and that this can be done accurately, given experimental constraints, such as
costs of reagents and availability of mRNA

Dudoit S. (2002), Bioconductor short course

Besides economical aspects, the main task of experimental design isto remove bias -
systematic error which may invalidate the result of the data analysis.
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A randomisation design to €licit responses to sensitive questions

Adipose men with hypertension were asked the following question:
Are you able to get an erection during sexual activities?

In order to improve the rate of correct answers the following rule was introduced: Toss a
coin, in case of head answer the |1 EF question correctly with yes/no correctly, in case of
tail answer an innocuous question correctly with yes/no:

Does your telephone number end with an even digit?

P = unknown proportion with erection during sexual activity, which is the parameter to be estimated

| = known proportion with telephone number ending with an even digit
P = observed proportion of yes responses

2p + Y2 = p, which provides an estimate p* = 2p - |
Do not believe In nalve measur ements.
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Experimental design issuesfor microarrys

- Design of the array itself:
- which cDNA probe sequences to print
- whether to use replicated probes
- which control sequences
- how many and where these should be printed

- Allocation of target samples to the dides
- pairing of MRNA samples for hybridization
- dye assignments
- type and number of replicates

Taken from Dudoit S (2002) Bioconductor short course
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Uncertan
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Statistical thinking
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m — measurement with error, m- true but unknown value

What is the mean of e? P

What isthevariance of €2 4~ _
&
| s there dependence between e and n?
What is the distribution of e (and m)?

Typically but not always. e ~ N(0O,s?)
Gaussian / Normal measurement model

—

—
//

—

—

experimental design
Influence the
measurement model.
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Useable Knowledge

- Quantitative knowledge:

parameter estimates together with (1-a)*00% confidence intervals (Cl)
for anorma measurement model: ml [m —z,,,26E, m + z,_,,,°SE]
SE: standard error

Cl gives information on the precision of estimates, how close estimate
and true but unknown value are.

- Qualitative knowledge:

Reection of anull hypothesis, statistical test
No evidencefor a differenceisnot evidencefor no difference
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Taming of Uncertainty
How to handle variances and variability?

1.Var(X+Y) =Var(X) + Var(Y) for two independent random variables X and Y
2.Var(cX) =cWar(X) for c, area constant, and random variable X

Application: Variance of the arithmetic mean (SE?)
:l é X
=1
with X; independent and identical dlstrl buted (iid) with Var(X;) = s*

Va(m)=n 2><\/ar(aX ) =n 2><aVar(X ) =n's?
=1 =1
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The Statistical test

Question of interest (Alterative):  Isthe gene G differentially expressed between two cell populations?

Answer question viareductio ad absurdum (proof by contradiction): Show that there is no evidence to
support the logical contrary of the alternative. The logical contrary of the alternativeis called null
hypothesis.

Null hypothesis: The gene G is not differentially expressed between two cell populations of interest.

A test statistic T isintroduced which measures the fit of the observed data to the null hypothesis.

A test distribution P isintroduced which quantifies the variability of thetest statistic T in case the null
hypothesisistrue.

It will be checked if the test statistic evaluated at the observed datat,,s behaves typically (not extreme) with
respect to the test distribution. The p-valueis calculated: P(T 3 tos ) = p.

A criteriais needed to asses not typical or extreme behaviour of the test statistic viathe p —valuewhich is

called thelevel of thetest: a.

The observed data does not fit to the null hypothesisif p < a or tys > t1.4 Wheret, 5 isthe 1-a quantile of the
test distribution P. t,.5 isalso called the critical value. The conditionsp < a and ty,s > t1.5 are equivalent.

If p<a ortys>t1a the null hypothesiswill be rgjected. If p2 a or tys 2 tia the null hypothesis can not be
rejected — this does not mean that it istrue.
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The statistical test isa decision problem

Truestate of nature

Gene isdifferentially

Gene is not differentialy

expressed between two cell | expressed between two cell
Test result populations populations
p<a OK false positive decision
happens with probability a
p3 a false negative decision OK

happens with probability b

Two sourcesof error: false positiveratea, false negativerate b
Power of atest: Ability to detect a differenceif thereisatruedifference
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Power —true positiverate.

Power =1-b
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Controlling the power —sample size calculations

The test should produce a significant result (level a) with a power of 1-b if the true
differencein expressonisD=m - m.

A normal measurement model is assumed: m, ~ N(m, s%/n;)

m; - observed arithmetic mean (of log-transformed expression) in cell population i
versus a reference population

m - true but unknown (log-transformed) expression level,
s? - variability inindividual observation,
n; — number of probes from cell polulationi (i =1, 2,)

Test StatiFtics: D=m-m, Var(mg-my) = Var(my)+Var(my)

= s%f1/n;+1/ny] = s
Distribution of D under:
null hypothesis  (D=0): D ~ N(0, S%11.m0)
aternative (D 0): D ~ N(D,S%.r2)
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Controlling the power —sample size calculations

The test should produce a significant result (level a) with a power of 1-b if the true
differencein expressonisD=m - m.

null hypothesis aternative: D O

|

|
D ¢ ¢
4

2 2
Z1.a2 S nl,n2 Z1p S nl,n2

The above requirement is fulfilled if: D = (Zy.a2 + Z1.6)6 “n2

or

2. .2
Xy _(Z1.a/2+21-p)° 8

ny+ny D4
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Controlling the power —sample size calculations

2 2
N Mo _(Zl-a/2+zl-b) 5

ng+n, D4

n, = g and n, = nX1-g) with n —total size of experiment and g1 10,1]

20

.
1 (Z1.a/2+721.p)" 78

o9 D

| .

15

10

The size of the experiment isminimal if g= A o
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M easurement model for cDNA arrays

Gene expression under condition 2 — intensity of red colour,
Gene expression under condition 1 —intensity of green colour

Gene- C29

Gene-Cl1 @

o2 — log-transformed true differential expression of gene between condition 1 and 2
d - dye effect, e — measurement error with E[€] = 0 and Var(e) = s?

=gtd+e

M easurement: Mgep = Logzgz

Gene- C1 9

Gene-C2 ¢

If colour isswapped C2® green, C1® red: Mrer = Logzgg =-gpt+d+e

Consider m = %% (Mgegz — Mregr) With E[M] = g, and Var(m) = ¥»s*

Dye effect is removed and precision is increased
without increasing the actual sample size
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Conseguences of a design desicion

- narrays used without dye swap:

n
012 IS estimated by % a m; with precision s?/n and possible bias d.
i=1

- narrays used with dye swap:

Thisresultsin n/2 pairs of arrays
n/2 : :
Gio isestimated by £ § 0.5XMRed2 - MRed1)
=1
with precision [4/n]¥n/2]X1/4)2>s2 = s2/n and no bias d.
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Graphical representations of experiments. Multi —digraphs

C1l

N b 7 veaaee

C2

R

most information is collected on a
condition which is of no interest

C3

with dye swap

- Vertices mMRNA samples

- Edges

hybridization

- Direction Dye assignment
Green —— Red
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/

C2

All pairs
design

x with dye swap

Cl| =

>

C3

Which design gives the most precise
estimate of the contrast

G2, Gi3s @37
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Comparing the reference and all pair design

- Reference design:
- Each pair of dides estimates gzc With precision ¥»s.
- To get Oeacp It 1S NEcessary to subtract the estimate of gre, from grep
Ocach = 0Q[EYEY] = |0G[EpEr /ExER] = 10g[Ey/ER] - I0[EJ/ER] = Greb - Grea
- The estimate of gecp has precision s

- The six slides used give the estimates looked for with precision s*.
- If every pair of didesis replicated and estimates of two equal pairs are
combined by taking the average, the resulting precision of the estimated

Ocach 1S Y28 °.

- All pair design:
- Each pair of slides estimates g.c, With precision ¥2s°.

- Summary: For the same precision the reference design requires two times as many
hybridizations or dlides astheall pair design.
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Graphical representation —summary

- The structure of the graph determines which effects can be estimated and the precision
of the estimates

- Two mRNA samples can be compared only if there is a path joining the
corresponding two vertices

- The precision of the estimated contrast then depends on the number of paths
joining the two vertices and isinversely related to the length of the paths.

- Direct comparisons within slides yield more precise estimates than indirect ones
between dlides.
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2x2 factorial experiments
two factors, two levels each

Study the j oint effect of two conditions/ treatments, A and B, on the gene expression of
acell population of interest.

There are four possible condition / treatment combinations:
AB. both treatments/conditions are applied

A: only treatment/condition A is applied 0o |l-—— [ A

B: only treatment/condition B is applied ¢

0: cells are not treated or exposed ﬁ ﬁ
B |[«——*|AB

Design with 12 slides
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2x2 factorial experiments
two factors, two levels each

For each gene, consider alinear model for the joint effect of A and B on the expression:

n: baseline effect
a: main effect if treatment/condition A is applied m=n
b: main effect if treatment/condition B is applied ny=n+a
Y. Interaction between A and B m=n+b
Mme=n+a+b+y

Log-ratio M for hybridisation A ® ABestimates Myp-NMh=b+Yy 0 |— 5
Log-ratio M for hybridisation A ® B estimates NE-M=b-a ﬁ

+ 10 others
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Mo A O el 0
(;MO—IA_ 9-1 0
CM -~ G0 1
QMO®B_ ¢
C O-B = QO -1
¢Moe AB * gl 1
ceMo-aps_¢ 1 -1
(;'V'A®ABj co 1
gMA—lABi go -1
cMgpag+ ¢1 O
CMp, aABT %1 0
¢ ~ G
gMA®Bf -1 1
Ma-B o &1 -1
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Regression analysis

- For parameter g = (a, b, y) define the design

matrix X such that E(M) = Xq.

- For each gene, compute least square estimate

gq* =(X'X)’X’'M  (BLUE)

- Obtain measures of precision of estimated

effects.

- Useadll possibilities of the theory of linear

moddls.

Design problem:
- Assume each measurement M is made with

variability s* How precise can we estimate the

components or contrasts of q?
Answer: Look at (X’ X)™*
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2 X 2 factorial designs

> X. mat
al pha bet a psi > precision.rfc(x. mat)
0>A 1 0 0 $i nv. mat
0<A -1 0 0
0>B 0 1 0 al pha beta psi
0<B 0o -1 0 al pha 0.250 0.125 -0.25
0>AB 1 1 1
0<AB -1 -1 -1
A>AB 0 1 1
A<AB 0o -1 -1
B>AB 1 0 1
B<AB -1 0 -1
A>B -1 1 0
A<B 1 -1 0

Var(A-B) = Vé(A) + Var/(B) - 2Cov(A,B)
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Design |

Common ref.

reg
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2 X 2 factorial designs
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Experimental Design - Conclusions

Designs for time course experiments. Y ee Hwa 'Y ang (2002)

In addition to experimental constraints, design decisions should be guided by knowledge of
which effects are of greater interest to the investigator.

- The experimenter should decide on the comparisons for which s/he wants the most precision
and these should be made within slides to the extent possible.

Efficiency of an experimental design can be measured in terms of different quantities (number
of dlides, units of biological material)

| ssues:
- Replication, type of replication
within or between, biological or technical,
generdizibility vs. reproducibility
- Sample size and power calculations
- Dye assignment

Fundamental principles of good design: balance and replication
Balance insures that the effects of interest are not confounded with other sources of variation. Replication
Improves the precision of estimates and provides degrees of freedom for error estimation.

Further reading: Kerr MK, Churchill GA (2001) Experimental design for gene expression microarrays,
Biostatistics, 2:183-201

Heidelberg, September 2002



