
Genomics technologies and analysis of its data

Practical 2: Design of microarray experiments

SOLUTION

This practical is designed for investigating different designs for microarray experiments. The

results will be discussed at the end of the session.

Optimal design is a matter of applying the observations to the conditions in such a way that

the parameters of interest are estimated most “optimally”. In simple microarray terms:

If we had a certain number of dual-channel microarrays available as well as an

(unlimited) amount of RNA from several biological conditions of interest, then

which conditions should we put on which arrays in order to increase the precision

of finding differentially expressed genes?

The R-function od of the package smida uses simulated annealing to calculate the A-optimal

or D-optimal design for two-channel microarrays.

For calculating an A-optimal design, you should specify:

• nt: number of treatment levels (e.g. number of time points)

• ns: number of slides/arrays

So for the optimal design for 5 conditions with 5 arrays, ignoring a dye-effect use

set.seed(123)

od1 <- od(5, 5, dye = FALSE)

1. Can you find a feature of this design that might not be desirable? We ignore the dye

effect and therefore we only have condition 2 on one dye.

Note that using od1$design you can obtain the corresponding design matrix, A, and through

od1$score you get the value of the optimality criterion for this design. Now one thing that is

noticeable is that the resulting graph does not look particularly pretty. To get a nicer graph

we can use

plot.od(od1,method="sammon")



This reveals that the A-optimal design is in fact a loop design. A more sensible way to design a

two-channel experiment is, however, to include the dye effect as well (which is also the default

of the function),

od2 <- od(5, 5, dye = TRUE)

plot.od(od2,method="sammon")

which gives you expectedly once more a loop design.

Other parameter that can be set in the function od include:

• n.iter: number of iterations of the simulated annealing method.

• optimality: ”A”/”D”: type of optimality, i.e., A- or D-optimality. Note that D-optimal

designs are sometimes not found due to technical issues when the number of arrays is

close to the number of conditions.

• method: "SA" = Simulated Annealing; "loop" = the best interwoven loop design;

We have so far seen that loop designs are often optimal when we have as many arrays as

conditions.

2. Can you find a situation where a loop design is not optimal when the number of arrays

is equal to the number of conditions?

Anything with 10 or more arrays.

Lets now consider we look into the optimal designs for a large experiment with 10 conditions

and 20 arrays. Find the optimal design using A and D-optimality.

3. Are these designs useful in practice? Explain.

Design looks very complicated and are therefore difficult to ’sell’ to the experimenter.

An alternative to ‘optimal’ designs are interwoven loop designs which can be obtained through

od(10,20,method="loop",optimality="A")

Clearly the interwoven loop designs look nicer due to some symmetry.



4. How large is the improvement you can get if you use the ‘optimal’ design instead of

the interwoven loop design using D-optimality? (Use set.seed(999) before finding the

optimal design. )

We can look at the raw scores and find

optimal: 706248

loop: 819200

percent change: 15% change

Since we are, however, looking at the score of |X ′X| we are seeking to maximise the

score and hence the “optimal” solution is not optimal.

If we use the A-optimality criterion here and make the comparison, we find something rather

surprising.

set.seed(999)

od(10,20,optimality="A")$score

od(10,20,optimality="A",method="loop")$score

The value of the A-optimality criterion for the ‘optimal’ design is larger than for the interwoven

loop design.

5. Explain how this is possible. (Hint: What happens if you use n.iter=10000) SA is a

stochastic ITERATIVE procedure. Therefore it will only approximate the true optimum

and sometimes fails to find the optimal solution.

Microarray studies are typically part of a larger investigation. Typically preliminary results

suggest new research directions and perhaps more microarray experiments. It could therefore

be interesting to extend an existing microarray design with several new conditions and several

new microarrays in such a way that the data from these arrays can be integrated into the

existing study.

For example, assume that we would like to extend a design with 4 conditions and 4 slides by

3 more conditions and 4 more microarrays:

set.seed(1234)

od3 <- od(4, 4)

od4 <- od(3, 4, extend.design=od3)

plot.od(od4,method="sammon")



6. Are all the new conditions linked to at least one of the conditions in the initial experi-

ment? No, cond 6 is not connected to a condition in the initial experiment.

7. Suppose that not all new conditions link to the original experiment. Would this be

undesirable? Explain. No it is not a problem as all the conditions are still linked to each

other somehow.

8. After having looked at a variety of different situations regarding optimal designs. What

do you think a ‘good’ design should also satisfy besides having small standard errors of

the estimates? should be easy to explain/simple

should take into account the dye

should have more arrays than conditions for D-optimal designs.


