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1 Confidence intervals for the consistency index

In the context of the resampling experiment described in the paper, let there be
n patients in the study, each predicted at least m times. For patients predicted
more often, a random subsample of size m is taken. Let p ∈ Rnm be the vector of
predictions and p? the reference predictions. Then consistency is defined as

c̄ =
1

nm

nm∑
i

δ(pi − p?
i )︸ ︷︷ ︸

ci

.

If the entries c = (c1, . . . , cnm) arise from iid Bernoulli variables with success-
parameter p, then nm · c̄ is distributed binomially with parameters p and N = nm.
Estimates for c̄ and confidence intervals follow directely from the binomial distribu-
tion.

Confidence intervals for the consistency gain

The consistency gain or documentation effect is defined by c̄? := c̄val.−c̄ref.. Assuming
the same model as in the last paragraph, nm · c̄? is the difference of two binomialy
distributed random variables with parameters nm, c̄val. and c̄ref., respectively. Per-
forming the convolution numerically yields confidence intervals.

2 Software

In this section we give a description of the software we provide as well as instructions
how to use it. It is written in the R programming language [? ] and makes use of
packages contributed to the Bioconductor project [? ], most notably vsn and affy,
as well as of the pamr[? ] package obtainable via CRAN [? ]. The software we provide
can be downloaded from http://www.compdiag.molgen.mpg.de.
To lead through the steps of building a signature documented by value, we assume
a collection of .cel-files is located in a directory "mydir" awaiting analysis.

2.1 Preprocessing

Data are preprocessed using rma as well as vsn preprocessing. The variables par.vsn
and par.rma hold the parameter sets determined in the theory section. We proceed
in three steps:

i) Read in the data

> setwd("mydir")

> abo = ReadAffy()

ii) Preprocessing using rma
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> exs.rma = wrap.pag(abo, method = "rma")

> par.rma = preproc(description(exs.rma))$pag

iii) Preprocessing using vsn

> exs.vsn = wrap.pag(abo, method = "vsn")

> par.vsn = preproc(description(exs.vsn))$pag

2.2 Building the classification rule

A classification rule is derived using pamr. The function pamr.fil is a simple
wrapper, performing model selection based on crossvalidation-error. The vector
my.labels holds class information for the study data.

> lab = my.labels

> sig.vsn = pamr.fil(exs.vsn, lab, fil = FALSE)

> sig.rma = pamr.fil(exs.rma, lab, fil = FALSE)

2.3 Documentation by value

We document the classification rules by value: The signature, together with the
data-dependent scale information, is stored in a binary format for later application
to external samples:

> sig.byval.rma = list(sig = sig.rma, params = par.rma)

> sig.byval.vsn = list(sig = sig.vsn, params = par.vsn)

> save(sig.byval.rma, file = "sig_byval_rma.rdat")

> save(sig.byval.vsn, file = "sig_byval_vsn.rdat")

When publishing the signature, the file "sig_byval_rma.rdat" or "sig_byval_vsn.rdat"
can be made available on supplemental web-pages.

2.4 Diagnosing an external patient

We diagnose an external patient (external_patient.CEL.gz). Again, we proceed
in three steps:

i) Read in the data

> abo.extrnl = ReadAffy("external_patient.CEL.gz")

ii) Add-on preprocess the data, transforming it to a study-consistent scale. The
function wrap.pag.add utilizes the results from the theory section. In order
to do that, data-dependent information stored with the signature has to be
retrieved.
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> load("sig_byval_rma.rdat")

> load("sig_byval_vsn.rdat")

> exs.extrnl.rma = wrap.pag.add(abo.extrnl, sig.byval.rma$params,

+ method = "rma")

> exs.extrnl.vsn = wrap.pag.add(abo.extrnl, sig.byval.vsn$params,

+ method = "vsn")

iii) Predict the class labels of the external patient, using the classifier derived
beforehand:

> diag.rma = sig.byval.rma$sig(exprs(exs.extrnl.rma))

> diag.vsn = sig.byval.rma$sig(exprs(exs.extrnl.vsn))

3 Supplement Figures

In the following we show figures displaying consistency and kappa indices for each
data set. We show all possible combinations of classifiers (pam,svm), size (20,30,40),
preprocessing protocol (rma,vsn) and strategy (by reference, by value). The dashed
lines always depict the mean values.
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Figure S1: Beer
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Figure S2: Bhattaharjee
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Figure S3: Bild
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Figure S4: Huang
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Figure S5: Pomeroy
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Figure S6: Ross
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Figure S7: Shipp
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Figure S8: Willenbrock

● ● ●

0.
5

0.
6

0.
7

0.
8

0.
9

1.
0

rma (ref)

Index

co
ns

is
te

nc
y 

(p
am

)

● ● ●

rma (val)

Index

tm
p[

7:
9,

 1
]

● ● ●

vsn (val)

Index

tm
p[

19
:2

1,
 1

]

● ● ●

0.
5

0.
6

0.
7

0.
8

0.
9

1.
0

Index

co
ns

is
te

nc
y 

(s
vm

)

● ● ●

Index

tm
p[

10
:1

2,
 1

]

● ● ●

Index

tm
p[

22
:2

4,
 1

]

● ● ●

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

Index

ka
pp

a 
(p

am
)

● ● ●

Index

tm
p[

7:
9,

 1
 +

 3
]

● ● ●

Index

tm
p[

19
:2

1,
 1

 +
 3

]

● ● ●

20 25 30 35 40

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

# training samples

ka
pp

a 
(s

vm
)

● ● ●

20 25 30 35 40

# training samples

tm
p[

10
:1

2,
 1

 +
 3

]

● ● ●

20 25 30 35 40

# training samples

tm
p[

22
:2

4,
 1

 +
 3

]

12


	Confidence intervals for the consistency index
	Software
	Preprocessing
	Building the classification rule
	Documentation by value
	Diagnosing an external patient

	Supplement Figures

