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S1 MORE DETAILS ON DENSITY-WEIGHTED NODE-PAIR-GDV-CENTRALITY

As discussed in Section 2.3.3 of the main paper, we aim ta f@@oser shared graphlets over sparser shared graphlete wa define the
density of a graphlet as the percentage of edges preserd graphlet out of all possible edges, ignoring the node paguiestion. Thus,
we designdensity-weighted node-pair-GDV-centrality, as follows. If¢; is thei! element of node-pair-GDV of the nodesandw, then we
define density-weighted node-pair-GDV-centralitywodnd v as: Z‘io w; X (%di — %)10 x log(c; + 1), whered; is the density of the
graphlet corresponding to node pair orbfindw; is the weight that takes into account orbit dependencissaslin the original definition).
This is just one possible heuristic for favoring denser glets over sparser ones. In the formula, the density is pligtl by% and then
subtracted by% to scale it to [0,1] interval. The scaled density is thenadito the power of 10 to favor higher density graphlets (gsfigc
cliques) over lower density graphlets exponentially rathan linearly.

S2 MORE DETAILS ON EVALUATION FRAMEWORK

As discussed in Section 2.4 of the main paper, we evaluate efathe existing and new LP methods on each of the PPI netwyks
computing the number of true positives (TP), true negat{ié¢), false positives (FP), and false negatives (FN) pitediby the method.
TP are predicted edges that are present in the original RRbrie TN are missed edges (i.e., predicted non-edges)thlatare absent
from the original PPI network, FP are predicted edges thatahisent from the original PPI network, and FN are missedsetige are
present in the original PPI network. Clearly, an ideal mdtixwuld maximize TP and TN and minimize FP and FN over the eméinge
of k. We summarize the four statistics in two ways, by computitgprecision and recall, together with the correspondirgcére and
2) sensitivity and specificity, together with the corregfiog receiver-operator curves (ROCSs). Precisi@nrlﬂr%. Recall = TPT:F%'
As precision increases, recall decreases, and vice vecshal@ince between the two measures, we combine them intdgodpiscore
measure asF-score = 2 - %ml. We plot precision-recall and F-score curves over the entinge ofk. Sensitivity = 1.
Specificity = %. For simplicity of comparing results across different noethy, we summarize the performance of the methods over
the entire range of with respect to sensitivity and specificity by calculatihg tireas under the ROCs (AUROCS).

After we evaluate the LP methods, we apply them to a PPI né&tteode-noise it, and we evaluate the biological quality ef tke-noised
network with respect to the “enrichment” of predicted edge&ene Ontology (GO) terms. That is, we compute the enriciiras the
percentage of predicted edges, out of all edges in which jpatteins have at least one GO term, in which the two end nduee 2t GO
term. We compute the statistical significance of the giveichment by calculating the probability (i.ex;value) of observing the same or
higher enrichment by chance using the hypergeometric maéélus denote byV the set of pairs of proteins in the original PPI network
where both proteins have at least one biological processeB® by.S the subset of protein pairs iN that have a GO term in common, by
e the subset of protein pairs iN that are predicted as edges, andiife subset of protein pairs inthat have a GO term in common. Then,

IS\ (INI=IS]
the enrichment igk|/|e| and itsp-value is:p-value= 1 — S~ % We usep-value threshold of 0.05.

Also, we validate predicted edges absent from the origiatiark by‘s‘earching for them in an independent PP| data soWe measure
the statistical significance of validating the given numifgpredictions by using the above formula, except that Aéve the set of all pairs
of proteins in the PPI network in which both proteins are en¢sn the BioGRID datas$ is the subset of protein pairs iN that interact in
BioGRID, e is the subset of protein pairs ¥ that are new predicted edges, dnid the subset of protein pairs érthat interact in BioGRID.
We usep-value threshold of 0.05.
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Table S1. The list of all node pairs predicted as edges by any methollin@w 1 and 2 correspond to the node names. Column 3 cor@spathe number
of methods that predict the given node pair as an edge. Cofucamtains a “1” if the node pair is a “new predicted edge” ceed edge not present in the
original network) and a “0” otherwise. Columns 5-9 list tleekings of the given node pair by the different methods (#mesmethods as in Fig. 3(A) of the
main paper); if the given node pair is not predicted as an égge given method, a ‘-’ appears. The three tabs in the fileespond to the three analyzed
networks: AP/MS, HC, and Y2H.

http://www3.nd.edu/~cone/L P/ST 1.xIsx




Supporting Information S1

3-5-node graphlets 3-4-node graphlets 3-node graphlets
1 1 1
0.9 0.9 0.9
0.8 0.8 0.8
Q Q Q
o 07 e 07 e 07
= 3 3
2 06 2 06 2 06
0.5 0.5 0.5
0.4 0.4 0.4
0.3 0.3 0.3
5% 10% 15% 20% 25%  50% 5% 10% 15% 20% 25%  50% 5% 10% 15% 20% 25%  50%
Noise Level Noise Level Noise Level
u, g3-5, =0 = u, u, g3-4, 0=.6 m— u, g3, a=0 m— u, g3,0=.6 m—
u,g3-5,0=2 u, u, g3-4, 0=.8 = u, g3, a=2 u, g3, a=.8
u, 93-5, a=.4 m— u. u, g3-4, =1 = u, g3, a=.4 mm— u, g3, a=1 m——
1 1 1
0.9 0.9 0.9
0.8 0.8 0.8
Q Q Q
e 07 e 07 e 07
3 3 3
2 06 2 06 2 06
0.5 0.5 0.5
0.4 0.4 0.4
0.3 0.3 0.3
5% 10% 15% 20% 25%  50% 5% 10% 15% 20% 25%  50% 5% 10% 15% 20% 25%  50%
Noise Level Noise Level Noise Level
u, g3-5, u, g3-4, q=0 = u, g3-4, 0=.6 m— u, g3, a=0 m— u, g3,0=.6 m—
u, g3-5, u,g3-4,0=2 u, g3-4, 0=.8 = u, g3, a=2 u, g3, a=.8 -
u, g3-5, u, g3-4, 0=.4 — u, g3-4, =1 = u, g3, a=.4 m— u, g3, a=1 m——
1 1 1
0.9 0.9 0.9
0.8 0.8 0.8
Q Q Q
5 07 e 07 5 07
= 3 =
2 06 2 06 2 06
0.5 0.5 0.5
0.4 0.4 0.4
0.3 0.3 0.3
5% 10% 15% 20% 25%  50% 5% 10% 15% 20% 25%  50% 5% 10% 15% 20% 25%  50%
Noise Level Noise Level Noise Level
u, g3-5, =0 = u, g3-5, u, g3-4, — u, g3-4, 0=.6 m— u, g3, a=0 m— u, g3,0=.6 m—
u,g3-5,0=2 u, g3-5, u, g3-4, —— u, g3-4, 0=.8 = u, g3,0=2 u, g3, 0=.8 m—
u, 93-5, a=.4 m— u, g3-5, u, g3-4, 0=.4 = u, g3-4, =1 = u, g3, 0=.4 mm— u, g3, 0=1 m—

Fig. S1. Link prediction accuracy of thenweighted graphlet-based methods in termsAdROCs at different noise levels as is varied from 0 to 1. Recall
thata: = 0 corresponds to using node-GDV-similarity alone ane- 1 corresponds to using node-pair-GDV-centrality alone. flisecolumn corresponds to
using 3-5-node graphlets, the second column correspongsing 3-4-node graphlets, and the third column corresptmdsing 3-node graphlets only. The
first row corresponds to the AP/MS network, the second rowesponds to the HC network, and the third row correspondsetd’2H network. The error bar
for a given method corresponds to the standard deviationfiweerandom runs of the method. In some cases, standardtidesiare so small that they are
not visible.
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Fig. S2. Link prediction accuracy of thdensity-weighted graphlet-based methods in termsAlROCs at different noise levels as is varied from 0 to

1. Recall thate = 0 corresponds to using node-GDV-similarity alone and= 1 corresponds to using node-pair-GDV-centrality alone. fits¢ column
corresponds to using 3-5-node graphlets, the second cobamasponds to using 3-4-node graphlets, and the thirdrgoloorresponds to using 3-node
graphlets only. The first row corresponds to the AP/MS nétwiire second row corresponds to the HC network, and the tbwdcorresponds to the Y2H
network. The error bar for a given method corresponds totdredard deviation over five random runs of the method. In scmses, standard deviations are
so small that they are not visible.
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Fig. S3. Link prediction accuracy of the graphlet-based methodsrim$é ofAUROCsat different noise levelsomparing unweighted and weighted versions

of the methods. The first column corresponds to using 3-5-node graphledsttas second column corresponds to using 3-4-node grapfileésresults for
using 3-node-graphlets are not included, as for this geaptize, the unweighted and weighted versions of the methmsquivalent. Also, unlike in the
following figures, the results fax of 0 are not included in this figure, as at thisthe unweighted and weighted versions of the methods aieatept. The
first row corresponds to the AP/MS network, the second rowesponds to the HC network, and the third row correspondsetd2H network. The error bar
for a given method corresponds to the standard deviationfaxeerandom runs of the method. In some cases, standardtidegiare so small that they are
not visible.
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Fig. $4. Link prediction accuracy of the weighted graphlet-basethous in terms oAUROCSs at different noise levelsomparing different graphlet sizes
in each of the three networks (AP/MS, HC, and Y2H). The erarfbr a given method corresponds to the standard deviatienfive random runs of the
method. In some cases, standard deviations are so smadyatre not visible.
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Fig. S5. Link prediction accuracy of our new methods and existinghoés in terms oAUROCs at different noise levelsomparing the different methods
in each of the three networks (AP/MS, HC, and Y2H). The erafbr a given method corresponds to the standard deviatienfive random runs of the
method. In some cases, standard deviations are so smahdyadre not visible.
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Fig. S6. Receiver operator curvesfor the AP/MS network for each noise level. The vertical etrar at a given value df and for a given method corresponds
to the standard deviation of true positive rate over five oamduns of the method. The horizontal error bar at a givenevaluk and for a given method
corresponds to the standard deviation of false negatieeoradr five random runs of the method.
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Fig. S7. Receiver operator curves for the HC network for each noise level. The vertical errar &taa given value ok and for a given method corresponds
to the standard deviation of true positive rate over five eamduns of the method. The horizontal error bar at a givenevaluk and for a given method
corresponds to the standard deviation of false negatieeoradr five random runs of the method.
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Fig. S8. Receiver operator curves for the Y2H network for each noise level. The vertical errar bt a given value of and for a given method corresponds
to the standard deviation of true positive rate over five oamduns of the method. The horizontal error bar at a givenevaluk and for a given method
corresponds to the standard deviation of false negatieeoradr five random runs of the method.
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Fig. S9. Link prediction accuracy of thenweighted graphlet-based methods in termsAdfPRs at different noise levels as is varied from 0 to 1. Recall
thata: = 0 corresponds to using node-GDV-similarity alone ane- 1 corresponds to using node-pair-GDV-centrality alone. fiisecolumn corresponds to
using 3-5-node graphlets, the second column correspongsing 3-4-node graphlets, and the third column corresptmdsing 3-node graphlets only. The
first row corresponds to the AP/MS network, the second rowesponds to the HC network, and the third row correspondsetd’2H network. The error bar
for a given method corresponds to the standard deviationfiweerandom runs of the method. In some cases, standardtidesiare so small that they are
not visible.
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Fig. S10. Link prediction accuracy of theensity-weighted graphlet-based methods in termsAifJPRs at different noise levels as is varied from 0 to
1. Recall thatoy = 0 corresponds to using node-GDV-similarity alone and= 1 corresponds to using node-pair-GDV-centrality alone. fits¢ column

corresponds to using 3-5-node graphlets, the second cobamasponds to using 3-4-node graphlets, and the thirdrgoloorresponds to using 3-node
graphlets only. The first row corresponds to the AP/MS nétwiire second row corresponds to the HC network, and the tbwdcorresponds to the Y2H
network. The error bar for a given method corresponds totdredard deviation over five random runs of the method. In scmses, standard deviations are
so small that they are not visible.
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Fig. S11. Link prediction accuracy of the graphlet-based methodsrims ofAUPRs at different noise levelsomparing unweighted and weighted versions

of the methods. The first column corresponds to using 3-5-node graphledsttas second column corresponds to using 3-4-node grapfilleésresults for
using 3-node-graphlets are not included, as for this geaptize, the unweighted and weighted versions of the methmsquivalent. Also, unlike in the
following figures, the results far of 0 are not included in this figure, as at thisthe unweighted and weighted versions of the methods aieatept. The
first row corresponds to the AP/MS network, the second rowesponds to the HC network, and the third row correspondsetd2H network. The error bar
for a given method corresponds to the standard deviationfaxeerandom runs of the method. In some cases, standardtidegiaare so small that they are
not visible.
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Fig. S12. Link prediction accuracy of the weighted graphlet-basethods in terms oAUPRs at different noise levelsomparing different graphlet sizes
in each of the three networks (AP/MS, HC, and Y2H). The erarfbr a given method corresponds to the standard deviatienfive random runs of the
method. In some cases, standard deviations are so smadyatre not visible.
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Fig. S13. Link prediction accuracy of our new methods and existinghoés in terms oAUPRs at different noise levelsomparing the different methods
in each of the three networks (AP/MS, HC, and Y2H). The erarfbr a given method corresponds to the standard deviatienfive random runs of the
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Fig. S14. Precision-recall curves for the AP/MS network for each noise level. The vertical elrar at a given value df and for a given method corresponds
to the standard deviation of precision over five random rdris@method. The horizontal error bar at a given valué ahd for a given method corresponds
to the standard deviation of recall over five random runs efitiethod.
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Fig. S15. Precision-recall curves for the HC network for each noise level. The vertical errardtaa given value ok and for a given method corresponds to
the standard deviation of precision over five random runb@iethod. The horizontal error bar at a given valug ahd for a given method corresponds to
the standard deviation of recall over five random runs of tie¢hod.
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Fig. S16. Precision-recall curves for the Y2H network for each noise level. The vertical errar bt a given value of and for a given method corresponds
to the standard deviation of precision over five random rdris@method. The horizontal error bar at a given valué ahd for a given method corresponds
to the standard deviation of recall over five random runs efitiethod.
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Fig. S17. F-score curves for the AP/MS network for each noise level.
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Fig. S18. F-score curves for the HC network for each noise level.
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Fig. S19. F-score curves for the Y2H network for each noise level.
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Fig. S20. Link prediction accuracy of thenweighted graphlet-based methods in termsAdIROCs for the HC network against the low confidence data as
«is varied from O to 1. Recall that = 0 corresponds to using node-GDV-similarity alone ane- 1 corresponds to using node-pair-GDV-centrality alone.
The first column corresponds to using 3-5-node graphletsséicond column corresponds to using 3-4-node graphletsharthird column corresponds to
using 3-node graphlets only.
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Fig. S21. Link prediction accuracy of théensity-weighted graphlet-based methods in termsfddROCs for the HC network against the low confidence data
asa is varied from 0 to 1. Recall that = 0 corresponds to using node-GDV-similarity alone ane- 1 corresponds to using node-pair-GDV-centrality alone.
The first column corresponds to using 3-5-node graphlegsséicond column corresponds to using 3-4-node graphletsharthird column corresponds to
using 3-node graphlets only.
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Fig. S22. Link prediction accuracy of the graphlet-based method®ims$ of AUROCS for the HC network against the low confidence dedanparing
unweighted and weighted versions of the methods. The first column corresponds to using 3-5-node graphledst@second column corresponds to using
3-4-node graphlets. The results for using 3-node-graplaliet not included, as for this graphlet size, the unweightetweighted versions of the methods are
equivalent. We identify from Figures S20 and S21 the valdes which result in the highest AUROCSs, and we include thes€énamely 0.2 and 0.4) into the
figure. Also, we includex of 0.8, as thisx was the best among alls when evaluating the methods on noisy networks (Figures8352). In addition, we
includea of 1, as thisc corresponds to using only node-pair-GDV-centrality anahade-GDV-similarity in the total link prediction score.
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Fig. S23. Link prediction accuracy of the graphlet-based method®ims of AUROCS for the HC network against the low confidence dedeanparing
different graphlet sizes. We include into this figure the sames as in Figure S22.
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Fig. S25. Link prediction accuracy of thenweighted graphlet-based methods in termsAd§PRsfor the HC network against the low confidence data.as
varied from 0 to 1. Recall that = 0 corresponds to using node-GDV-similarity alone anée- 1 corresponds to using node-pair-GDV-centrality alone. The
first column corresponds to using 3-5-node graphlets, tbenskecolumn corresponds to using 3-4-node graphlets, anthittd column corresponds to using
3-node graphlets only.
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Fig. S26. Link prediction accuracy of thdensity-weighted graphlet-based methods in termsAdfPRs for the HC network against the low confidence data
asa is varied from 0 to 1. Recall that = 0 corresponds to using node-GDV-similarity alone ane- 1 corresponds to using node-pair-GDV-centrality alone.
The first column corresponds to using 3-5-node graphlegsséicond column corresponds to using 3-4-node graphletsharthird column corresponds to
using 3-node graphlets only.
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Fig. S27. Link prediction accuracy of the graphlet-based methodsims$ of AUPRs for the HC network against the low confidence datmparing
unweighted and weighted versions of the methods. The first column corresponds to using 3-5-node graphledstasecond column corresponds to using
3-4-node graphlets. The results for using 3-node-graplalet not included, as for this graphlet size, the unweigatetlweighted versions of the methods are
equivalent. We identify from Figures S20 and S21 the valdes which result in the highest AUPRs, and we include thesg¢namely 0.2 and 0.4) into the
figure. Also, we includex of 0.8, as thisx was the best among alls when evaluating the methods on noisy networks (Figurem852). In addition, we
includea of 1, as thisa corresponds to using only node-pair-GDV-centrality andhade-GDV-similarity in the total link prediction score.
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Fig. S28. Link prediction accuracy of the graphlet-based methodsrims ofAUPRsfor the HC network against the low confidence daaparing different
graphlet sizes. We include into this figure the sames as in Figure S27.
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Fig. S29. Precision-recall curves for the HC network against the low confidence daimparing the different methods.
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Fig. S30. Pairwise intersections between each pair of de-noisedank$vas well as between each de-noised network and the ariggitwork, for each of the
three networks (AP/MS, HC, and Y2H).
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