
to resolve this, Serrano et al.propose two alternatives: under the OR rule, edges are preserved if (↵ij < ↵ OR
↵ji < ↵). Under the AND rule, both (↵ij < ↵ AND ↵ji < ↵) in order for the edge do be preserved. After
experimenting with both rule types, we have found the best results are obtained using the more restrictive AND
rule. This is due to the sheer density of the unfiltered network.
The backbone analysis has been shown to be more successful in extracting meaningful links from dense networks
than more conventional reduction algorithms, such as global thresholds. By charting the changes in the number
of edges, nodes, total weight and CC as ↵ is adjusted (Figure ??), we not only demonstrate how these features
are preserved in our filtered Human Phenotype Network, but also provide a rationale for which significance
level cuto↵ to use. Indeed, Serrano et al.[?] have shown that these metrics give su�cient information about the
network over varying values of the threshold ↵ in order to ensure an adequate filtering of the network while
keeping the backbone intact.
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Fig. 5. How to choose ↵. The networks average clustering coe�cient (CC), percentage of conserved vertices (% vertices),
percentage of conserved edge weights (% weights) and, in (a) and (b) the value of ↵ as functions of the percentage of
remaining edges (% edges). (a) and (b) ↵ varies in [0, 1]. We chose ↵ = 0.25, which yields the best results, % edges = 0.1,
and use this value in (c) to identify the global weight cuto↵ = 292. Note that curves are reported as functions of % edges,
not ↵, to allow direct comparison between the DF in (a) and (b) and the GW filter in (c).

In Figure ??a and the close-up in ??b, we quantitatively identify ↵ ⇡ 0.25 that conserves a CC close to that of
the original network, and ⇠ 90% of the PTs, ⇠ 36% of the weights, and only ⇠ 8% of the edges. The resulting
backbone of the PHPN is presented in Figure ??.
To understand the advantages of the DF over a straightforward GW cuto↵, we determine the cuto↵ value in
Figure ??c that will result in a global cuto↵ network that also retains ⇠ 8% of the edges. We compare the
statistical di↵erences between the resulting graph of these two filtering methods (Figure ??).

filtering none/raw disparity (DF) global weight (GW)
# vertices 408 366 (90%) 209 (51%)
# edges 41K 3.4K (8.2%) 3.4K (8.2%)
avg. degree 203.11 18.26 32
CC 0.86 0.61 0.83
APL 1.5 3.25 2
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Fig. 6. Comparing the statistical properties of the disparity filter and the global weight filter against the unfiltered
network. Percentages in parenthesis are in comparison with the unfiltered network.

Results in Figure ?? clearly demonstrate the advantages of the disparity filter compared to a global weight
for an identical number of edges. The DF conserves over 90% of the phenotypes versus ⇠ 50% for GW. In
conclusion, the backbone keeps more phenotypes than the GW filtering, for the same number of connections,
making the network less dense. Moreover, the relatively low average degree, the heavy-tailed degree distribution
of the PHPN backbone resulting from the DF filtering, and the high clustering coe�cient and short average
path length indicate an interesting module structure.


