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1 Effect of Dataset choice on GOCardShuffle results

The poor quality of different protein interaction datasets has attracted great interest in the literature (see
e.g. [2,5,9]). We have applied the GOCardShuffle algorithm to a range of datasets (see figure 1). In each case
we find that the confidence intervals obtained without and with conditioning on available GO annotation
are significantly different. For all datasets we also observe that the GOCardShuffle confidence intervals for
Kendall’s 7 rank correlation coefficient overlap the observed correlation in each network dataset but for the
literature curated (denoted by LC in figure 1) data of Reguly et al. [5] and the DIP CORE dataset [1,2,10] we
find that the expression levels of interacting proteins are more similar than would be expected to be the case
by chance. We note, however, that on this level, in addition to dataset choice also the correlation measure
becomes important and for a given dataset GOCardShuffle Null distributions for one correlation coefficient
may overlap the observed network statistic while for a different correlation coefficient this is no longer the
case. In such a case evidence for similarity of the properties of interacting proteins would probably have to
be considered marginal.

In summary, however, this shows that there is a need for statistical methods that condition on the
available data.

2 Illustration of GOCardShuffle

The algorithm outlined in the manuscript and implemented in the accompanying software (and the NetZ
package; www.imperial.ac.uk/theoreticalgenomics/data-software).

In figure 2 we show the distribution of edge numbers connecting nodes with certain funcional categories
resulting from 400 conventionally rewired networks(black histograms) and from 400 networks where rewiring
was conditioned on GO functions using GOCardShuffle. Although this is only a small selection of within
and between category edges these are representative for the remaining cases. In each case we find that
the histogram obtained using GOCardShuffle overlaps the observed value. For some instances, notably
for between-category edges where one protein has no known annotation, unconditional rewiring results
in a distribution which covers the observed number of between-category edges in the original network. In
particular unconditional rewiring underestimates the relative prevalence of within-category connections [3,7].

For a single annotation matrix w the number of edges between proteins beloning to categories ¢ and 7,
m;; under unconditional resampling has the expectation value
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(1)

where M is the total number of edges in the network, N, is the number of nodes/proteins beloning to category
i and N is the total number of nodes in the network; its variance is given by the standard multinomial variance

N,N N, N,
Var[mg,] = M NQ” (1 - NQ-”) (2)

Since edges are sampled uniformly the Markov Chain generated by Eqns. (5) to (8) in the manuscript will
converge to the desired stationary distribution for the within and between category connection pattern [6,8].
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Figure 1: Histograms of Kendall’s 7 rank correlation coefficients obtained from normal rewiring (black) and
for GOCardShuffle (blue). Also shown are the observed values (vertical red lines) of 7 in the four datasets.
The LC and HT datasets are the literature curated and pooled high-thoughput datasets of Reguly et al. [5],
the DIP and DIP core datasets are the complete and high-confidence interactions deposited in the database
of interacting proteins [1,10].
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Figure 2: Number of edges observed in the real network connecting nodes with specific functional GO
categories (red line) and histograms of these numbers obtained from 400 independent network instances using
unconditional rewiring (white) and conditional rewiring using GOcardShuffle (black), respectively. The
different panels show edges connecting proteins belonging to the following functional categories: (a) “protein-
function unknown” — “RNA binding”; (b) “protein-function unknown” — “protein binding”; (¢) “protein-
function unknown” — “protein-function unknown”; (d) “protein-function unknown” — “RNA binding”; (e)
“RNA binding” — “protein binding”; (f) “transcription regulator activity” — “RNA binding”.

The variability of the number of edges between and with categories, cannot be assessed analytically for all



but regular random graphs (i.e. graphs where each node has the same fixed degree but edges are distributed
at random) as there is a delicate interplay between (i) the variance induced by the Metropolis sampler, and
(ii) the variation induced by heterogenous node degrees. The results shown in figure 2, together with the
observation that the histograms for within and between-category edge numbers always include the observed
value, fills us with confidence, that GOCardShuffle does indeed preserve the hallmarks of the original network
data.
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