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Abstract
Network propagation is a powerful tool for genetic analysis which is widely used to identify genes and genetic
modules that underlie a process of interest. Here we provide a graphical, web-based platform (http://anat.cs.
tau.ac.il/WebPropagate/) in which researchers can easily apply variants of this method to data sets of interest
using up-to-date networks of protein–protein interactions in several organisms.
© 2018 Elsevier Ltd. All rights reserved.

Introduction
Proteins do not work in isolation; rather, they interact
to drive cellular processes. Network propagation is a
powerful approach for exploiting the proximity of
proteins in a network to infer their functional roles [1].
Network propagation has diverse applications in the
biomedical domain, including gene prioritization [2–5],
identification of protein complexes [3], detection of
disease-related subnetworks [6–8], clustering cancer
patients to disease subtypes [9–11], and identification
of potential drug targets in personalized medicine
[12,13].
In its basic form, network propagation is used to
enrich limited prior knowledge about the set of proteins
involved in a process of interest by identifying novel
proteins that are proximal in the network to the prior set.
However, the scores given by the network propagation
process cannot be readily assigned statistical significance levels. This is because they are highly correlated
with the size of the prior set [14] and are also biased by
the degrees of proteins in the network [15].
Network propagation has been previously implemented by two Cytoscape Apps, Propagate and
Diffusion. These apps implement two basic variants
of propagation, both producing a list of all the network
proteins, ranked based on their relative association
with the prior set [3,16]. None of these previous
methods allow assigning p-values to the resulting
candidate proteins.
0022-2836/© 2018 Elsevier Ltd. All rights reserved.

Here we report on a new web server, WebPropagate,
for network propagation that allows the user to pre-set a
desired false discovery rate (FDR) threshold, avoiding
the need to arbitrarily determine a significance threshold for every propagation run. Furthermore, the server
lets the user control the propagation parameters,
choose a protein–protein interaction (PPI) network to
operate on, apply single or integrative variants, and
obtain a graphical visualization of the results.

Results
WebPropagate facilitates easy and fast PPI-based
gene prioritization. It applies the well-known network
propagation method, normalizes its results to deal
with biases that stem from the size of the input set and
network hubs, and generates a list of proteins that are
significantly close in the network to the user defined
prior or seed set. Its usage, example applications and
comparison to previous tools are described below.
How to use WebPropagate?
WebPropagate has five input fields: (i) Species, in
which the user selects the PPI network that is suitable
for his/her data. (ii) Integrative Propagation checkbox,
which should be blank if the user wishes to propagate
from a single seed set, and checked if the user wishes
to propagate simultaneously from two different seed
J Mol Biol (2018) 430, 2231–2236
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sets. In the latter case, the output will be the
intersection of the sets of significant proteins from
both computations. (iii) Propagation alpha, which
weighs the relative importance of the network vs. the
seed set in the propagation (ranges between 0.5 and
0.9). A larger value gives more weight to the network
smoothness. (iv) FDR threshold, which determines
the value under which the corrected p-values are
classified as significant (ranges between 0.01 and
0.5). And (v) Seeds, which are the list of proteins that
are chosen based on prior knowledge to serve as
seeds for the propagation computations. The seeds
can be entered by their gene identifiers (entrez ids),
symbols or locus tags. They can also be imported
through an Excel file rather than be entered manually.
WebPropagate outputs a Seeds table, in which only
the input seeds that were recognized as proteins in the
chosen network are listed; Significant Proteins table,
in which the discovered significant proteins are listed,
with their initial and FDR-corrected p-values; and a
sub-network display in which the seeds and the
significant proteins are presented in different colors
(seeds in green, significant proteins in pink). Direct
neighbors of a protein can be added to the view (in
cyan) by clicking on its node. Clicking anywhere in the
view afterward will make them disappear. The subnetwork view assists in interpreting the molecular
mechanisms that underlie the process being analyzed. Both output tables can be exported to Excel.
Case study
We demonstrate the utility of WebPropagate by
analyzing a data set of proteins that regulate telomere

Table 1. Telomere-binding proteins
Name
EST1
EST2
EST3
YKU70
YKU80
STN1
TEN1
CDC13
EXO1
RAP1

Entrez ID

Symbol

850934
851028
854806
855328
855132
851655
850696
851306
854198
855505

EST1
EST2
EST3
YKU70
YKU80
STN1
TEN1
CDC13
EXO1
RAP1

length in yeast. We use 10 telomere-binding proteins
[17] as a seed set (Fig. 1). WebPropagate outputs 10
significant proteins as potentially involved in telomere
length maintenance (TLM). Remarkably, most of them
are indeed linked to telomeres and telomerase activity:
four proteins (RFA1, POL12, SIR4, PXR1) are known
to be TLM genes [17–20]. In addition, ZDS2 interacts
with telomeric “core” proteins and affects silencing of
genes at telomeres [21,22], FUN30 (SMARCAD1 in
humans) is a chromatin remodeller that has a role in
DNA processing and affects silencing at telomeres
[23,24], and MRX1, although annotated as a mitochondrial protein, has strong negative genetic interactions with cdc13–1, a mutant defective in telomere
maintenance, as well as with tel2, another important
TLM gene [25]. Of the three remaining proteins, two
have only scarce annotation information (YKR051w
and YML020w) and thus remain as “uncharacterized
open reading frames.” With respect to the merged list
of TLM-related proteins from Refs. [17–27] (339

Fig. 1. Input parameters for the telomere length maintenance case study in yeast.
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Table 2. Output of WebPropagate on TLM proteins
Significant proteins
Entrez ID
851813
852245
853925
856810
854988
854836
854931
853197
851266
851214

Symbol

p-Value

FDR Corrected

SIR4
POL12
YKR051W
MRX1
YML020W
FLO11
ZDS2
PXR1
RFA1
FUN30

0.00001
0.00001
0.00001
0.00001
0.00001
0.00001
0.00004
0.00001
0.00014
0.00013

0.00791
0.00923
0.01108
0.01384
0.01846
0.02769
0.02769
0.05538
0.07753
0.07998

proteins in total that appear in our Saccharomyces
cerevisiae network), WebPropagate's output yields a
notable hypergeometric p-value of 3.1e− 7. Table 1
displays the seed list, Table 2 displays the list of
significant proteins reported by WebPropagate, and
Fig. 2 displays the subnetwork induced by these
proteins.
Comparison with the Propagate Cytoscape App
To show the advantage of WebPropagate's normalization method over the basic propagation
scheme, as implemented in Propagate, we used a
data set of gene-disease associations [28]. The data
set was curated by classifying diseases and their
linked genes from Online Mendelian Inheritance in
Man and from genome-wide association study to 299
diseases defined by the Medical Subject Headings
ontology. Here we use the more reliable Online
Mendelian Inheritance in Man part of the data set and
focus on diseases that are associated with at least 20

genes which appear in our Homo sapiens network
(171 diseases in total). For each disease, we
evaluated the performance of both tools in predicting
true associations in a fivefold cross-validation setting. Each iteration, the hidden associations served
as positive samples and a set of genes of the same
size and similar degrees served as the negative
samples. To draw a protein with weighted degree
similar to some given value w, we chose the smallest
integer r such that there are at least 100 proteins in
the network (excluding the prior set, the positive
samples, and the already chosen negative samples)
with weighted degree in the range [w − r,w + r]. We
then randomly picked a protein from this group to be
used as a negative association. We averaged the
resulting AUCs over the five cross-validation iterations for each disease. For 150 out of the 171
diseases, the WebPropagate resulting AUC outperformed the Propagate AUC (p b 1.1e − 16 based
on a cumulative binomial distribution with parameter
0.5; see Fig. 3). When averaging over all the
diseases, the average AUC for basic propagation
was 0.67, while the average AUC for WebPropagate
was 0.71.
An advantage of WebPropagate over the basic
propagation scheme is that the output scores are
normalized to account for the degree of a given
node. To verify that this normalization corrects for
potential degree biases in the scores and implied
protein ranks, we computed the sample Pearson
correlation coefficient between the ranks assigned to
the network's proteins by each method and their
weighted degrees. For WebPropagate, we observed
a weak correlation of − 0.009 across the 171
diseases. In contrast, the Propagate plugin yielded
a strongly negative correlation of − 0.544.

Methods
Networks
Our website applies the propagation on up-to-date protein–protein interaction networks from four organisms
(H. sapiens, Arabidopsis thaliana, Drosophila melanogaster, and S. cerevisiae) that were derived from the
BioGrid database as described in Ref. [29].
Basic propagation
The basic propagation procedure can be thought of as a diffusion process in which each of the seed proteins
is a source of heat and this heat is diffused in a protein–protein interaction network. When the process
converges the score F(v)of every protein v respects the equation.
F(v) = α[∑u ∈ N(v)F(u)w ′(v, u)] + (1 − α)Y(v), where Y(v) denotes whether the protein is part of the seed set;
w′(v, u) is the weight of the interaction between u and v, normalized by the square root of the weighted degrees
w ðv ;uÞ
ﬃ; and α is a network smoothing parameter [3]. In matrix
of both vertices, that is, w 0 ðv ; uÞ ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
∑z∈Nðv Þ w ðv ;zÞ∑t ∈NðuÞ w ðu;t Þ

notation, it can be shown (see, e.g., Ref. [1]) that the score vector F is a linear transformation of the prior vector
Y: F = α(I − (1 – α)W) − 1 Y, an observation that we use below.
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Fig. 2. The subnetwork output on the telomere length maintenance case study. The seeds are displayed in green;
significant proteins, pink.

p-value computation and FDR correction
Given the results of network propagation on some seed set, we would like to assign p-values to the scores to
control for the size of the prior set and the degree of each protein. To this end, we randomly generate 100,000 prior
sets of the same size as the user-defined set and compute propagation scores for each. Thus, for every protein P
P
and 100,000 “random” scores XiP (0 ≤ i ≤ 99,999) obtained by using random prior sets.
we have a “real” score Xreal
This allows us to estimate the empirical p-value of P as the percent of its random scores that exceed the real score
(excluding prior sets that contain P), that is:
  P

 i  X ≥X P and P was not part of the i‐th random seed set  þ 1
i
real
p value ¼
jfi jP was not part of the i‐th random seed setgj þ 1
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Fig. 3. Histograms of AUCs produced by WebPropagate and the Propagate plugin on a data set of 171 diseases in
human.
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Expectedly, for random seed sets, these p-values are uniformly distributed (data not shown). We further
FDR correct these p-values for multiple testing by using the Benjamini–Hochberg procedure [30], namely,
, where k is P's position in a sorted ascending list of p-values of size M (which is equal to the
p valueBH ¼ p valueM
k
number of network proteins excluding the prior set). As suggested by Yekutieli and Benjamini [31], we further
adjust these initial p-values by assigning each protein in position i in the list with the smallest p_valueBH that
appears at position j ≥ i in the list. We then retain those final p-values that are smaller than a user-defined
threshold.
As the computation of 100,000 network propagations is very costly, we rely on the linearity of the propagation
scores to speed it up. As a preliminary step, we propagate each of the network's proteins separately (a seed set of
size 1) and save the propagation scores. Now for any seed set S = {gi}i∣=S∣
1 of size ∣ S ∣, denote by F(S), the
vector of propagation scores of all network's proteins when propagating from S. By the linearity of the
propagation scores (as discussed in the Basic propagation section), F(S) = ∑i∣=S1∣ F({gi}). This allows us to
compute the 100,000 “random” scores required for the p-value computation efficiently (less than a minute for
seed sets of size up to 100).
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