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Network Crd Ckmax
Ckmax

/Crd

E. coli-transcription 0.10 0.0063 0.063

S. cerevisiae-transcription 0.071 0.0044 0.062

E. coli-metabolic 0.21 0.013 0.062

S. cerevisiae-metabolic 0.19 0.024 0.12

S. cerevisiae-protein 0.021 0.0030 0.14

TABLE II: Clustering coefficient of the node of maximum degree, Ckmax
, and average clustering coeffi-

cient for the randomized graphs, Crd, for the different biological networks studied in the paper.
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FIG. 5: Subgraph over- under-representation relative to the randomized network for Type I subgraphs
(t ≤ (n− γ)/α). Positive and negative values of zInt correspond to overrepresented and underrepre-
sented subgraphs, respectively. The symbols correspond to n = 3 (circles), n = 4 (squares), n = 5
(diamonds), n = 6 (triangles) and n = 7 (crosses). Note that the value of t is given by the x-axis.

Since the randomized network has the same degree distribution as the original one, the averages
〈k〉 and 〈k2〉 are exactly the same as those for the original graph. The values of Ckmax

and Crd, Eq.
(37), for the biological networks studied in the paper are shown in Table II. Using these values we
have computed rInt, Eq. (36), as shown in Fig. 5. The figure indicates that, when compared to a
randomized network, Type I subgraphs can be over or underrepresented, depending on the detailed
network parameters. The absence of monotonic trends in the relative subgraph count indicates
that in order to fully understand the absence or abundance of certain subgraphs, it is simpler to
inspect their absolute number. A comparison to a randomized graph masks the clear trends seen
in the absolute subgraph counts, enhancing subgraphs that may not be particularly abundant in
the network, and supressing some abundant subgraphs. As this is important in some applications,
should one wish to determine the subgraph abundance relative to a randomized network, the methods
discussed above allow us to do so in a systematic fashion.

IV. SUBGRAPH PERCOLATION AND SUBGRAPH CLUSTERS

The observed agglomeration of subgraphs around the hubs does not exclude the possibility that
many isolated subgraphs are still scattered around the less connected nodes. Indeed, if certain
subgraphs are selected because they have desirable signal processing properties, the underlying
selection principles work only if subgraphs are indeed isolated. In the following we show, however,
that subgraphs do not occur independently in biological networks, but the large-scale constraints
forces them together into large subgraph clusters. We first focus on triangles, removing from the


