Supplemental Figure 1

A .

v e

20F 20F
R4 _'E 'l'
< 15} 9 15} .
a ,/ E _‘a"
£ s
@
z 1or o 1of
c
£ 2
& 5f £ st
2 @
£ 5
< o} s of
prd
5 5
10 . . . . . . , 10 . . . . . . ,
10 5 0 5 10 15 20 25 10 5 0 5 10 15 20 25
Mean of Jack-Knifed Networks (Ang) Mean of Jack-Knifed Networks (Non-ang)
® Angiogenic Subnetwork Edges v 120
< 20 @Non-angiogenic Subnetwork Edges
s e g 1°0f
c 45}
S 15 @
5 2 o
= 10f a
g 5
% o 60F
Z b5f Q
3 8
= = 40 3
of c
g o Ooutof : 4 out of
& oo} 15735 have % 12631 have
- ,5 3 i <
p>le-5 ; p>le-5
710 AL A i i i A J O A AL A - A AL AL J
-10 -5 0 5 10 15 20 25 -4 -3 -2 -1 0 1 2 3 4
Jack-Knifed Networks (Ang) Mean Difference Between Networks

Supplemental Figure 1: Network estimates are robust to the exact expression samples used. In this
analysis we selected 100 random angiogenic expression samples and 100 random non-angiogenic
expression samples to build a “jack-knifed” angiogenic and non-angiogenic networks, respectively. We
repeated this 100 times resulting in 100 “jack-knifed” angiogenic networks and 100 “jack-knifed” non-
angiogenic networks. (A) The mean edge weight predicted across the jack-knifed angiogenic networks
compared to the original weight predicted by PANDA for the angiogenic network built using all the samples.
(B) The same thing for the non-angiogenic networks. (C) The mean edge weight across the jack-knifed
angiogenic networks compared the mean edge weight across the jack-knifed non-angiogenic networks. The
original identified angiogenic and non-angiogenic subnetworks are shown on the image in red and blue,
respectively. Note that this image is nearly indistinguishable from Figure 1B in the main manuscript. (D) The
difference in the mean edge weights across the angiogenic and non-angiogenic jack-knifed networks
compared to the p-value of the statistical significance of this difference, as measured by an un-paired two
sample t-test. The original edges identified as belonging to the angiogenic subnetwork and non-angiogenic
subnetwork are shown in red and blue, respectively. Note that practically all of these edges are considered
significantly different between the networks.
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Supplemental Figure 2: Effect of the prior motif structure on network estimates. To evaluate the effect of the motif structure on the predicted
network, we removed 10% of edges from our prior network and re-ran PANDA to integrate this jack-knifed motif prior with the protein
interaction data and the angiogenic and non-angiogenic expression data, resulting in two “new” angiogenic and non-angiogenic networks. (A)
and (B) show the originally-predicted angiogenic and non-angiogenic networks plotted against the networks predicted using the jack-knifed
motif prior. There are two “clouds” of edges. Along the diagonal are the edges with the same assignment in the two network reconstructions (of
either in the motif prior or not in the motif prior). These edges are highly similar in weight and we can conclude that removing other edges has
only some minimal effect on the prediction of these remaining edges. A second cloud, shifted to the right and “under” the diagonal represents
the 10% of edges that were in the original motif prior but excluded when reconstructing the network. This cloud appears to be made up of two
groups of edges. One group runs parallel to the diagonal while the other runs parallel to the x-axis. The former group are edges whose prior
prediction in modified by the expression data when run through PANDA, either increasing or decreasing in weight. The latter are edges for whom
the expression data gives no additional information, and thus whose weight is determined by the local motif structure. The edges that compose
the identified angiogenic and non-angiogenic subnetworks are colored red and blue and shown on figure (A) and (B) respectively. We note that
the group of edges only influenced by the motif data were not included as a part of our subnetwork analysis. On the other hand, edges that
were included in our subnetworks tend to be some of the highest-weight edges among those who had motif evidence in the original prior but
for whom that evidence was removed in the jack-knifed motif. Finally, (C) shows the edge weight predicted in the angiogenic subtype versus the
non-angiogenic subtype using the jack-knifed motif data. Again, we plot the original identified angiogenic and non-angiogenic subnetworks in
red and blue, respectively, and find results highly consistent with that using the original motif prior. We repeated this analysis using ten different
jack-knifed motif priors and observe similar results for (A)-(C) each time. (D) For the ten “key TFs” identified in the main text, we show edge
enrichment and p-values calculated by comparing the angiogenic versus non-angiogenic network comparisons generated using each of the
different jack-knifed motif priors. Transcription factors that meet the criteria for being identified as a “key TF” are noted by bolding their p-values
and any additional transcription factors identified as a “key TF” in each comparison are listed. Overall there is very high similarity between the
transcription factors identified from networks generated using the jack-knifed motif priors and those generated with the original “full” motif
network prior.
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Supplemental Figure 3: Evaluation of how including protein-
interactions effect PANDA's predicted networks. We evaluated
two potential PPl databases in constructing PANDA networks,
one published in Ravasi et. al. and used to build the networks in
the main text, and the other from BIOGRID. To construct the
BIOGRID PPI for this analysis we selected all physical or direct
protein interactions between human transcription factors that
were included in our motif prior. (A) The overlap in the number
of unique interactions from each database, after matching
against the human TFs included in the motif scan. (B-C) The
edge weight predicted by PANDA when using the Ravasi et. al.
PPI versus the one from BIOGRID for either the (B) angiogenic
or (C) non-angiogenic network reconstruction. In both cases the
weights predicted using the two different databases are highly
similar, suggesting that PANDA’s networks are not sensitive to
the PPI database used. (D) To better appreciate the how the
included PPIs may have contributed to the predicted network
models, we show the local subnetwork around our ten “key”
transcription factors (Figure 2A in the main text), by selecting
any protein that had two or more physical interactions with one
of the ten key TFs. We find several interesting proteins are
included in this subnetwork, including ESR1, which has an
interaction with both BRCA1 and AHR, AR, which interacts with
both BRCA1 and NFKB1, and TP53, which interacts with
TFAP2A, ARID3A and BRCAL.
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Supplemental Figure 4: The effect of the threshold used to define the angiogenic and non-angiogenic
subnetworks. (A) A plot of the percentage of all edges that would be assigned to each subnetwork based
on the threshold (P-cutoff) used. In the main text we used P=0.8 as it resulted in approximately 1% of all
edges being assigned to each subnetwork. (B) The edge-enrichment and p-value significance of the ten
“key” transcription factors described in the main text for each P-cutoff value. There is very high consistency
across the cutoffs. For the very highest P-cutoff value (P=0.95)) the network becomes so sparse that some
TFs have no outgoing edges in the identified subnetworks and the edge-enrichment and p-values
calculations cannot be made . (C) The transcription factors that would be identified as “key” transcription
factors at each cutoff, meaning they have more than twenty total interactions, edge-enrichment>1.5 (or less
than 1/1.5) and p<10-3. More transcription factors are called as the value of P decreases, largely because
higher density in the subnetworks gives greater confidence (and thus lower p-values) in the differences.
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Supplemental Figure 5: Evaluate of Differential Expression and Methylation in Random Gene Sets
and Classes. To evaluate whether we would have observed the same differential-expression and
differential-methylation patterns by chance we performed several different analyses. First, for each
transcription factor, we created 100 random sets of genes, each of equal size to the number of
target genes identified by our network analysis. In (A) we report the t-statistic of differential-
expression for the original target gene set for each TF, as well as the average and standard deviation
for the 100 random sets of genes. In (B) we repeat the analysis, but evaluating differential-
methylation. Next, we create 100 random classes of genes, again of the same size as the original six
classes we defined by combining our network findings with differential-gene expression. In (C) we
report the t-statistic of the differential-expression of genes in each of the selected datasets for the
network and expression defined classes of genes, as well as the average and standard deviation for
each of the 100 random classes.




