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Over the past decades, massive amounts of protein-protein interaction (PPI) data have been
accumulated due to the advancement of high-throughput technologies, and but data quality
issues (noise or incompleteness) of PPI have been still affecting protein function prediction
accuracy based on PPl networks. Although two main strategies of network reconstruction and
edge enrichment have been reported on the effectiveness of boosting the prediction
performance in numerous literature studies, there still lack comparative studies of the
performance differences between network reconstruction and edge enrichment. Inspired
by the question, this study first uses three protein similarity metrics (local, global and sequence)
for network reconstruction and edge enrichment in PPl networks, and then evaluates the
performance differences of network reconstruction, edge enrichment and the original
networks on two real PPl datasets. The experimental results demonstrate that edge
enrichment work better than both network reconstruction and original networks.
Moreover, for the edge enrichment of PPl networks, the sequence similarity outperformes
both local and global similarity. In summary, our study can help biologists select suitable pre-
processing schemes and achieve better protein function prediction for PPl networks.

Keywords: edge enrichment, network reconstruction, protein-protein interaction networks, protein function
prediction, protein sequence annotation

1 INTRODUCTION

Over the past decades, massive amounts of un-annotated protein sequence data have been
accumulated with the advancement of high-throughput biological technologies. Due to high
costs and time-consummation of experimental determining protein function annotation, the
proportion of annotated proteins has been still relatively low (Sharan et al., 2007; Barrell et al.,
2009). The increasing efforts have been made to predict protein functions.

As the best-known and early method of protein function prediction, homology-based prediction
method indeed gave rise to a series of protein function prediction methods based on protein sequence
or structural similarity (Sleator and Walsh, 2010). At the same time, the emerging of available protein
databases, such as FATCAT (Ye and Godzik, 2004), PAST (Tédubig et al., 2006) and PROCAT
(Wallace et al., 1996), has further helped to improve the effectiveness of protein prediction. However,
the low sequence similarity scores often occur when comparing target protein sequences with source
protein sequences (Ofran et al., 2005), and thus this significantly reduces the effective application of
homology-based prediction methods.
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With the increasing amounts of the measured protein-
protein interaction (PPI) data, more and more protein
function prediction methods based on PPI networks are
proposed and generally outperform the above homology-
based prediction methods. In PPI networks, proteins and
protein-protein interactions are represented by nodes and
edges, respectively (Sharan et al., 2007; Chen et al., 2020;
Wu et al., 2020; Waiho et al., 2021). Up to now, numerous
algorithms have been used in protein function prediction
based on PPI networks, such as edge-betweenness clustering
(Dunn et al., 2005), Graphlet-based edge clustering (Solava
et al., 2012), clique percolation (Adamcsek et al, 2006),
GRAAL (Kuchaiev et al, 2010), hybrid-property based
method (Hu et al,, 2011), and IsoRank (Singh et al., 2008).
Moreover, advanced machine learning and deep learning
techniques have also been used for protein function
prediction, including collective classification (Xiong et al.,
2013; Wu et al.,, 2014), active learning (Xiong et al., 2014),
Deeplnteract (Sunil et al., 2017), ConvsPPIS (Zhu et al., 2020),
PhosIDN (Yang et al., 2021) and WinBinVec (Abdollahi et al.,
2021), etc.

The above methods mainly use existing PPI data. However,
current PPI data mainly generated by high-throughput or
TAP-MS techniques (Berggard et al., 2007), are often in
presence of noise and incompleteness, and this unavoidably
causes adverse effects on the prediction performance. Two
main methods of network reconstruction and edge enrichment
are proposed to effectively boost the prediction performance.
Different strategies are used for network reconstruction or
edge enrichment. For example, Bogdanov and Singh (2010)
presented a network reconstruction approach by extracting
functional neighborhood features using random walk with
restart. Chua et al. (2007) used weighting strategies to
enrich PPI networks, and adopted a local prediction method
to predict the functions of un-annotated proteins. Xiong et al.
(2013) applied collective classification to PPI networks with
enriched edges to predict protein functions.

Although the above two types of approaches achieve
promising performance improvements, there still lack
comparative studies of the performance differences between
network reconstruction and edge enrichment. We do not still
know which one is better in performance, or specifically, which
one should be applied for different situations. Inspired by the
question, we conducte a comprehensive comparison of two
network transformation of network reconstruction and edge
enrichment for boosting the performance of PPI network-
based protein functional annotation. Concretely, we first use
three different protein similarity metrics for network
reconstruction and edge enrichment of PPI networks, and
then evaluate the performance differences between the two
transformed networks (network reconstruction and edge
enrichment) and original networks on two real PPI datasets.
The results of experiments demonstrate that edge enrichment
work better than both network reconstruction and original
networks. Moreover, for the edge enrichment of PPI networks,
the sequence similarity outperformes both local and global
similarity. More detailed work will be presented in later sections.

Network Reconstruction and Edge Enrichment

2 MATERIALS AND METHODS
2.1 Similarity Metrics

As we point out above, the noise and incompleteness of PPI
network data adversely affects the performance of protein
functional annotation. Network reconstruction and edge
enrichment are major approaches to improve PPI data quality.
In this work, we carry out comparison study on these two
approaches by reconstructing and enriching original networks
using various protein similarity metrics, including sequence
similarity, local similarity and global similarity. In what
follows, we describe and discuss these similarity measures in
detail.

2.1.1 Protein Sequence Similarity

BLAST method (Altschul et al., 1997) is used to measure the
similarity between any two proteins in this study. The similarity
of a given protein V, with other proteins is defined as

S(Vx) = [Sx,lxsx,Z: cees Sx,i) cee :Sx,n] (1)

where S,; is the similarity score between the pair of proteins V.
and V;. Due to ignoring self-similarity, S,; = 0 is set when x = i.

2.1.2 Local Similarity Indices
We consider three kinds of local similarity indices, including Common
Neighbors (CN), Jaccard Index and Functional Similarity (FS).
Common Neighbors. Given nodes u and v, their neighboring
sets are N, and N,, respectively. The CN is defined as the
neighborhood overlap of the nodes (Newman, 2001). The
more identical neighbors two nodes have, the higher the CN
value is. The measure of CN is as follows:

SCN (M, V) = |Nu n Nvl (2)

Jaccard Index. Given nodes u and v and their corresponding
neighboring sets of N, and N,, Jaccard index is used to measure
the similarity between the N, and N, sets, and it is calculated as:

[N, N N,|

3
N, UN,| @)

SIaccard (u» V) =

Functional Similarity (FS). For a PPI network, FS index was
first used to measure the similarity of any pair of proteins (Chua
et al., 2006), and it is defined as follows:

~ 2IN, NN,

" INW =N, +2IN, AN, |+ Ay,
y 2IN, NN,|
IN, = Nul +2IN, 0 N, |+,

Sps (u,v)

4)

where A, = max (0,14, — (IN, = N,|) + N, N N,|)), and by
using the A,, factor, similarity weights between protein pairs
are penalized when their common neighbors are too few. 7, is
the average number of close neighbors that each node has in the
network. In a weighted PPI network, the labeled weights of edges
mean interaction confidences between pairs of proteins. Thus, we
can modify the FS index to take into account the confidence of
each interaction. The extended FS index for weighted PPI
networks, named FS.R, is defined as follows:
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2.1.3 Global Similarity Indices
Two global similarity indices are considered in this paper, they
are Katz index and random walk with restart.

Katz Index. This index is proposed by Lii and Zhou (2011). It
sums the set of paths directly and deals with the paths by length so
that the shorter paths get more weights. Formally,

Skatz (0, v) = Y B* - | paths;y’|
L=1

= BAuw + B (A + B (A7) + ... (6)

where paths;” is the set of the paths, which connect the nodes of u
and v with a path length of L. The parameter of  controls the path
weights.

Random Walk with Restart (RWR). Tong et al. (2008) used RWR
index to measure the relevance score between node j and node i in
a PPI network. Given the adjacency matrix W, ,, of a PPI network,
a random walker transmits from the starting node i to one of its
neighbors at random with probability ¢, and returns to the node i
with the probability 1 — c. Finally, the walker will stay stably at
node j with probability R;; The steady-state probability R;; is
defined as RWR index. We have

R=cWR+(1-0e @)

where ¢; is the starting vector, the ith element is 1 and the other
elements are 0. W is a weighted matrix. For an unweighted network,

Wi = 1/m (where m is th~e number of neighbors that node i has) if i
and j are connected, and W;; = 0 otherwise. For a weighted network,

n
W,-j = Wij/ZW,-j, if i and j are connected. ®)

=
W,-j =0, otherwise.
2.2 Network Reconstruction and Edge Enrichment
Network reconstruction is carried out as follows: First, the similarity
scores between protein pairs in the original PPI network are calculated
according to the above similarity indexes. Next, some interactions are
selected to reconstruct the PPI network based on the similarity scores.
As in Liben-Nowell and Kleinberg (2007), an appropriate score
threshold is used such that the number of protein pairs with
higher scores than the threshold is as same as possible to the
interaction number of the original network. Then, a new network
is formed by using the protein pairs with higher scores over the
threshold. However, this approach may lead to absence of some
proteins in the new network. Alternatively, for any node N; in the
original network, we first remove all its interactions. We find the top k
neighbors most similar to the node N;. Then, the k edges from the
node N; to its top k neighbors are created, and their similarity scores
are used as edge weights in the new network. Thus, we have

Network Reconstruction and Edge Enrichment

S(Ni)k = [Si,1>Si,2:- . asi,k]~ (9)

Edge enrichment is also performed in two steps as in
network reconstruction, the only difference is that all
interactions in the original network are preserved. An
enriched network has two types of edges: explicit edges (old
edges) and similarity-inferred edges (new edges). Here, there
are two questions to be addressed: One is how to combine the
edge weights with different semantics, and another is how
many edges are added for each protein, that is, how to optimize
the parameter k (see Eq. 9). The questions will be discussed in
the following sections.

2.3 Protein Function Prediction Approaches
In this study, protein function predictions on two real PPI
datasets are performed using two different approaches.The
first one is majority method, which is a local neighbor
counting approach (Schwikowski et al., 2000). The second
is a global protein function prediction approach, which is
common called collective classification (Xiong et al., 2013).
Details of this approach are presented in the following
subsections.

2.4 Gibbs Sampling Based Collective
Classification

Gibbs sampling (GS) includes two main processes of
bootstrapping and iterative classification (Sen et al., 2008). The
pseudo-code is illustrated below.

ALGORITHM 1 | Gibbs sampling

1. for each query protein V, do

2. compute the initial d;, using X' N N} (original network), X’ N A (reconstructed network), X N A
and X N A (enriched network).

end for

for each query protein V,, do
update a; using current assignments to A* (original network), \;; (reconstructed network), A/
and NV (enriched network).

end for

for each query protein V,, do
update a; using current assignments to A* (original network), \;; (reconstructed network), A/
and NV (enriched network).
create b;, to record the m-rank result

10: end for

11: for each query protein 1, do

122 calculate the final result ¢; based on matrix M,

13: end for

G e ow

S

©

2.4.1 Bootstrapping

The closer the proteins to each other, the more similar their
functions become in a PPI network. For an unannotated protein,
its probability distribution is estimated using a weighted voting
method. In the original or reconstructed network, there is only
one kind of annotated neighbors to vote. An unannotated protein
V., has the corresponding explicit neighbors of N, or k similarity-
inferred neighbors. For the above neighbor sets, we have their
edge weights as follows:

> waX]
> Sx,k]

The probability of V, having the jth function F; (V.F) is
calculated as follows:

N’)“: = [wxb Wx2s - -
Ni = [Sx,lxsx,Zs---

N

;Sxi,u- (10)
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) 1 Ny ) 1 k
Pizﬁzwx,ifi,j PiZEZSx,ifi,j (11)
x =1 x i=1
where Z and Z, are the normalizers:
m Ny m k
zZe = Z wa,ifi»j Z, = z Seifij (12)
j=1 =1 j=1 i=1

However, in the enriched network, there are both old (explicit)
and new (similarity-inferred) neighbors which need to be voted. So,
the parameter A € (0, 1) is used to combine the two types of different
neighbors. Given a query protein V,, the V,F; probability is
calculated as follows:

1 k
o 2 Sufi  (13)

x i=1

, 1 X
Pi = A? wa,ifi,j + (1 —/\)

X =1

A higher PJ value indicates a higher probability that protein
V, is more likely to have jth function F;. The V.F; probability
distribution is represented as:

a; = [P, P%,...,PY] (14)
2.4.2 Iterative Classification

Iterative classification has two main steps of burn-in and
sampling. In burn-in period, iteration number is fixed, and a,
is updated in each iteration. In sampling period, we update @, in
each iteration, and also count how many times the jth function F;
for protein V, are sampled. Considering each protein with one or
more functions, therefore, we define the most likely function of
the protein V, as follow:

bf‘ = argmaxjg[l,m]Pi (15)

where b/ represents the jth most likely function of the protein V,
that is the jth-rank result. We further use b,; vector to record all
ranking results in the ith iteration.

b—x,)': [bl b2

LD (16)

The matrix M, with s rows and m columns is produced after
running the predetermined s number of iterations.

Network Reconstruction and Edge Enrichment

—_— — — r
M, = [bxbbe)- . ')bxs] . (17)

Finally, we obtain the required m-dimensional vector ¢, for
query protein V,:

—

cy = [ci,ci,...,c?]. (18)

where c! is the first ranked prediction in the ith column of M,.

3 RESULTS AND DISCUSSION

3.1 Data Preprocessing and Experimental

Workflow

The two PPI datasets of A and B are used in our study. The datasets
A and B are downloaded from the databases of BioGRID (Stark et al.,
2011) and STRING (Szklarczyk et al, 2011), respectively. The
datasets A and B are annotated as in Ashburner et al. (2000).
The datasets in this study are based on Gene Ontology (GO)
annotation. GO annotations consist of three basic namespaces:
molecular function, biological process and cellular component.
We construct one protein interaction network for each GO
namespace using only physical interactions.Therefore, there are
totally six PPI networks (three for S.cerevisiae and the other three
for M.musculus) in Dataset A. For Dataset B, we construct two PPI
networks (one for S.cerevisiae and another for M.musculus).More
detailed information was listed in the supplementary material
(Supplementary Table S1).

The comparison of the function prediction performance on
the reconstructed and enriched networks with that on the original
networks is first performed using the cross validation of leave-
one-out method (LOOM). LOOM takes each protein in turn as a
query protein, and carries out function prediction with the
remaining proteins in the network. As the bootstrapping in
Gibbs sampling based collective classification does not result in
updating of the query protein, therefore we use the majority
method to predict protein functions in LOOM cross validation.
Then, the annotated protein proportion is changed from 10% to
90%, and the average performance of 10 experiments is reported
for each of all proportions. The majority method is not suitable in
this setting because it is a local neighbor counting approach and

TABLE 1 | Comparison of performance differences between similarity indices (Dataset A: M.musculus).

Indices Molecular function Biological process Cellular component
1st rank 2nd rank 3rd rank 1st rank 2nd rank 3rd rank 4th rank 1st rank 2nd rank 3rd rank
Origin 0.28 0.12 0.10 0.39 0.23 0.13 0.09 1.63 0.45 0.24
CN 0.21 0.09 0.07 0.27 0.22 0.14 0.09 1.44 0.47 0.16
Jaccard 0.30 0.16 0.11 0.49 0.30 0.129 0.11 1.94 0.56 0.25
FS 0.33 0.15 0.15 0.47 0.28 0.16 0.12 2.13 0.61 0.27
CN+ 0.27 0.14 0.10 0.37 0.26 0.14 0.11 1.70 0.54 0.21
Jaccard+ 0.35 0.16 0.12 0.54 0.34 0.15 0.12 2.03 0.62 0.27
FS+ 0.38 0.16 0.15 0.52 0.30 0.16 0.14 2.23 0.69 0.29
Katz 0.29 0.13 0.12 0.45 0.23 0.17 0.11 1.70 0.54 0.28
RWR 0.32 0.15 0.13 0.49 0.26 0.16 0.12 2.23 0.61 0.30
Katz+ 0.31 0.16 0.14 0.47 0.26 0.19 0.14 2.13 0.59 0.27
RWR+ 0.35 0.15 0.16 0.52 0.28 0.17 0.12 2.45 0.64 0.33
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TABLE 2 | Comparison of performance differences between similarity indices (Dataset B).

Indices S.cerevisiae M.musculus
1st rank 2nd rank 3rd rank 1st rank 2nd rank 3rd rank

Origin 2.23 0.75 0.49 1.94 1.49 0.82
CN 1.50 0.54 0.29 1.28 0.69 0.43
Jaccard 1.55 0.62 0.39 1.51 1.13 0.79
FS 1.70 0.64 0.41 1.56 1.22 0.75
CN+ 1.85 0.67 0.43 1.63 1.27 0.72
Jaccard+ 1.95 0.65 0.49 1.78 1.33 0.78
FS+ 2.13 0.72 0.47 1.92 1.51 0.81
Katz 1.63 0.62 0.41 1.70 1.33 0.75
RWR 1.78 0.67 0.43 1.78 1.27 0.79
Katz+ 1.86 0.64 0.47 1.86 1.51 0.79
RWR+ 2.23 0.75 0.52 2.03 1.49 0.85
TABLE 3 | The influence of the parameter of k (M.musculus in Dataset A).
Indices Molecular function Biological process Cellular component

1st rank 2nd rank 3rd rank 1st rank 2nd rank 3rd rank 4th rank 1st rank 2nd rank 3rd rank
Origin 0.28 0.12 0.10 0.39 0.23 0.13 0.09 1.63 0.45 0.24
BLAST 1 0.34 0.19 0.09 0.30 0.16 0.08 0.04 0.79 0.34 0.13
BLAST 5 0.43 0.26 0.13 0.45 0.22 0.12 0.08 0.98 0.38 0.18
BLAST 10 0.45 0.27 0.11 0.43 0.18 0.13 0.09 0.96 0.35 0.17
BLAST 15 0.41 0.21 0.13 0.42 0.20 0.11 0.09 0.92 0.33 0.19
BLAST+1 0.39 0.24 0.15 0.47 0.26 0.15 0.12 1.71 0.49 0.27
BLAST+5 0.47 0.29 0.23 0.56 0.30 0.18 0.14 2.02 0.67 0.32
BLAST+10 0.49 0.24 0.21 0.54 0.32 0.14 0.1 1.94 0.58 0.29
BLAST+15 0.46 0.27 0.20 0.49 0.34 0.15 0.12 1.86 0.62 0.33
FS 10 0.30 0.14 0.12 0.42 0.24 0.14 0.09 1.71 0.54 0.23
FS 30 0.33 0.15 0.15 0.47 0.28 0.16 0.12 213 0.61 0.27
FS 50 0.35 0.16 0.17 0.46 0.30 0.18 0.14 2.04 0.64 0.28
FS 100 0.32 0.18 0.12 0.45 0.27 0.17 0.15 1.95 0.57 0.26
FS+10 0.32 0.14 0.12 0.26 0.14 0.14 0.10 1.95 0.58 0.25
FS+30 0.39 0.16 0.15 0.52 0.30 0.16 0.14 2.23 0.70 0.30
FS+50 0.41 0.15 0.1 0.54 0.24 0.14 0.14 2.21 0.67 0.25
FS+100 0.38 0.18 0.16 0.50 0.27 0.16 0.13 2.07 0.64 0.27
RWR 10 0.25 0.13 0.1 0.41 0.21 0.14 0.09 1.86 0.54 0.24
RWR 30 0.32 0.15 0.13 0.49 0.26 0.16 0.1 2.23 0.61 0.30
RWR 50 0.31 0.16 0.1 0.47 0.21 0.17 0.12 2.33 0.58 0.27
RWR 100 0.29 0.15 0.15 0.44 0.22 0.16 0.14 212 0.55 0.30
RWR+10 0.29 0.14 0.13 0.47 0.23 0.15 0.12 2.18 0.57 0.29
RWR+30 0.35 0.15 0.16 0.52 0.28 0.18 0.12 245 0.64 0.33
RWR+50 0.34 0.16 0.15 0.49 0.28 0.14 0.13 2.36 0.62 0.32
RWR+100 0.31 0.15 0.15 0.46 0.25 0.16 0.12 2.23 0.58 0.36

does not work well in sparsely-labeled network. Thus, the Gibbs
sampling based collective classification is used to predict protein
functions. The main hardware configuration of an Inter dual-core
processor (3 GHz) and 16GB RAM, with a Linux operating
system, and Python 3.0 is as the programming environment
for running the algorithms.

Finally, as in Bogdanov and Singh (2010), the ratio of the
number of true positive (TP) predictions to the number of false
positivepredictions (FP) is produced in the cross validation, i.e.
TP/FP is used to assess prediction accuracy of PPI networks. We
define the overall ith rank true positive (TP) as the number of
proteins whose ith rank predicted function ¢’ is one of the true
functions of protein V,, and the overall ith rank false positive (FP)

as the number of proteins whose ith rank predicted function ¢’ is
not one of the true functions of protein V,.

3.2 Similarity Index Selection and the Effect

of the Parameters k and 1

In this study, in addition to sequence similarity, the PPI networks are
reconstructed and enriched by using three local similarity indices
(CN, Jaccard and FS)and two global similarity indices (Katz and
RWR). In order to choose the best ones for the following
experiments, the performance differences between the five
similarity indices are evaluated over the two datasets of A and B.
The experimental results over the dataset A are presented in
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FIGURE 1| The performance evaluation by leave-one-out validation over the PPl networks (Dataset A: S.cerevisiae and M.musculus). Here, the sub figures
in the horizontal and vertical directions represent the experimental results for the PPI networks of different data sets and function types, respectively.
Horizontally, the top three subplots represent ones on S.cerevisiae, and the bottom for ones on M.musculus. (A) and (D) Molecular function, (B) and (E)
Biological process, (C) and (F) Cellular component.

TABLE 4 | The effect of the parameter k (Dataset B).

Indices S.cerevisiae M.musculus
1st rank 2nd rank 3rd rank 1st rank 2nd rank 3rd rank

Origin 2.23 0.75 0.49 1.94 1.49 0.82
BLAST 1 0.96 0.37 0.17 1.28 0.59 0.35
BLAST 5 1.18 0.43 0.28 1.68 0.75 0.45
BLAST 10 1.21 0.39 0.24 1.70 0.72 0.41
BLAST 15 1.15 0.42 0.26 1.56 0.70 0.50
BLAST+1 2.1 0.64 0.45 2.15 1.51 0.82
BLAST+5 2.83 0.82 0.64 2.45 1.63 0.87
BLAST+10 2.57 0.75 0.65 2.33 1.57 0.85
BLAST+15 2.40 0.69 0.62 2.28 1.49 0.76
FS 10 1.53 0.55 0.38 1.33 1.06 0.68
FS 30 1.72 0.64 0.41 1.56 1.22 0.75
FS 50 1.75 0.57 0.38 1.64 1.19 0.79
FS 100 1.63 0.61 0.37 1.68 1.18 0.73
FS+10 1.93 0.65 0.40 1.85 0.42 0.79
FS+30 213 0.72 0.47 1.92 1.51 0.81
FS+50 2.05 0.70 0.44 1.83 1.40 0.76
FS+100 1.90 0.67 0.49 1.92 1.45 0.78
RWR 10 1.50 0.57 0.36 1.57 1.08 0.69
RWR 30 1.78 0.67 0.43 1.78 1.27 0.79
RWR 50 1.72 0.63 0.40 1.69 1.31 0.74
RWR 100 1.70 0.61 0.45 1.64 117 0.82
RWR+10 2.00 0.70 0.46 1.88 1.40 0.69
RWR+30 2.23 0.75 0.52 2.03 1.49 0.85
RWR+50 211 0.72 0.49 1.94 1.43 0.82
RWR+100 1.94 0.81 0.48 1.82 1.45 0.75
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TABLE 5 | The influence of the parameter A (M.musculus in Dataset A).

Network Reconstruction and Edge Enrichment

Indices Molecular function Biological process Cellular component

1st rank 2nd rank 3rd rank 1st rank 2nd rank 3rd rank 4th rank 1st rank 2nd rank 3rd rank
Origin 0.28 0.12 0.10 0.39 0.23 0.13 0.09 1.63 0.45 0.24
BLAST+0.1 0.38 0.21 0.11 0.43 0.24 0.12 0.13 1.52 0.41 0.20
BLAST+0.3 0.40 0.25 0.18 0.49 0.29 0.17 0.1 1.65 0.54 0.25
BLAST+0.5 0.44 0.30 0.16 0.537 0.27 0.15 0.15 1.85 0.62 0.28
BLAST+0.7 0.47 0.29 0.23 0.56 0.32 0.16 0.14 2.02 0.67 0.34
BLAST+0.9 0.33 0.16 0.15 0.42 0.23 0.13 0.10 1.76 0.55 0.27
FS+0.1 0.31 0.14 0.12 0.49 0.24 0.15 0.13 1.94 0.59 0.27
FS+0.3 0.35 0.16 0.16 0.53 0.33 0.13 0.10 1.86 0.68 0.25
FS+0.5 0.37 0.15 0.13 0.49 0.31 0.18 0.1 2.04 0.63 0.28
FS+0.7 0.39 0.16 0.15 0.52 0.30 0.16 0.14 2.23 0.70 0.30
FS+0.9 0.30 0.13 0.10 0.42 0.222 0.14 0.1 1.86 0.57 0.26
RWR+0.1 0.30 0.13 0.12 0.47 0.29 0.16 0.12 212 0.59 0.28
RWR+0.3 0.33 0.15 0.14 0.50 0.31 0.11 0.08 2.22 0.64 0.32
RWR+0.5 0.35 0.13 0.17 0.50 0.24 0.16 0.10 2.32 0.74 0.30
RWR+0.7 0.37 0.17 0.14 0.52 0.28 0.18 0.12 2.45 0.64 0.33
RWR+0.9 0.30 0.13 0.10 0.43 0.26 0.14 0.10 1.94 0.57 0.27
TABLE 6 | The influence of the parameter A (Dataset B).
Indices S.cerevisiae M.musculus

1st rank 2nd rank 3rd rank 1st rank 2nd rank 3rd rank

Origin 2.23 0.75 0.49 1.94 1.49 0.82
BLAST+0.1 1.56 0.63 0.41 1.76 1.28 0.72
BLAST+0.3 1.89 0.70 0.58 2.01 1.44 0.78
BLAST+0.5 2.56 0.75 0.66 2.34 1.37 0.82
BLAST+0.7 2.83 0.82 0.64 245 1.63 0.87
BLAST+0.9 2.36 0.79 0.56 212 1.51 0.85
FS+0.1 1.86 0.66 0.42 1.70 1.33 0.74
FS+0.3 1.93 0.64 0.45 1.86 1.38 0.81
FS+0.5 2.06 0.69 0.43 2.02 1.44 0.87
FS+0.7 2.13 0.72 0.47 1.92 1.51 0.84
FS+0.9 1.99 0.75 0.41 1.88 1.62 0.79
RWR+0.1 1.82 0.62 0.42 1.65 1.38 0.77
RWR+0.3 1.94 0.65 0.48 1.83 1.44 0.83
RWR+0.5 2.02 0.71 0.54 1.95 1.46 0.73
RWR+0.7 2.23 0.75 0.52 2.03 1.49 0.82
RWR+0.9 2.12 0.69 0.47 1.92 1.43 0.77

Supplementary Table S3 and Table 1, and ones over the Dataset B
listed in Table 2. Using FS as the local similarity index and RWR as
the global similarity index generally achieve the best performance.
Hence, FS and RWR are selected as the local similarity index and
global similarity index, respectively in the following experiments.
The effect of two parameters on the performance of network
reconstruction and edge enrichment are also examined in our study.
The first one is the number of similarity-inferred edges k. The
prediction performance on the Datasets of A and B is listed in
Supplementary Table S4, Table 3, and Table 4, with the varying
values of k. For both the datasets A and B, experimental results show
that BLAST roughly achieves the best performance by setting k = 5.
When the values of k = {10, 30, 50, 100} are used for FS and RWR,
using k = 30 or k = 50 generally works best in most cases, and the
overall performance is relatively robust for the reconstructed or
enriched networks. Hence, in the following experiments, the

parameter value of k is used as 5, 30, 30 for BLAST, FS and
RWR, respectively.

The second parameter A dominates the tradeoff between
explicit edges and similarity-inferred edges. Further, the
effect of the parameter A is evaluated on the prediction
performance when it varies from 0.1 to 0.9. The results on
the Dataset A are listed in Supplementary material (see
Supplementary Table S5) and Table 5, and ones on the
Dataset B in Table 6, respectively. Generally, the A value has
a relatively small impact on prediction accuracy, unless it is too
large or too small. In the following experiments, the A value is set
uniformly at 0.7.

3.3 Performance Evaluation on Dataset A
The performance comparison of reconstructed and enriched
networks with that of the original networks is first carried out by
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FIGURE 2| The performance evaluation over the sparsely-labeled networks (Dataset A: S.cerevisiae). Here, the sub figures in the horizontal and vertical directions
represent the experimental results for the PPI networks of different function types and rank predicted functions, respectively. Horizontally, the top two subplots represent
ones of molecular function, the middle for ones of biological process, and the bottom for ones of cellular component (A), (C) and (E) first rank predicted function, (B), (D)
and (F) second rank predicted function.

leave-one-out validation. The top protein function prediction is
selected according to the average number of useful functions per
protein in the PPI networks. Therefore, only the top 2 predictions are
performed on the PPI networks of S.cerevisiae in the Dataset A, and
the top 3 or 4 predictions are examined for M.musculus in Dataset A.

Obviously, edge enrichment gains more accurate
predictions than network reconstruction and original
networks, due to the combination of explicit and implicit
(similarity-inferred) edges (Figure 1). The results clearly
indicate that edge enrichment indeed gains better prediction

performance by adding similarity-inferred edges to PPI
networks. BLAST-enriched networks always worke best,
while BLAST-reconstructed networks always work worst.
This is because BLAST-inferred edges are based on protein
sequence information that is short in the original networks.
The useful information in the original network greatly
increases by adding BLAST-inferred edges, and
consequently boosts prediction accuracy. However, in the
reconstructed networks, the original PPI edges are put aside
first, BLAST-reconstructed networks contain only protein
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sequence information, and thus performe worst. The by leave-one-out validation. Here, the top 3 protein function

experimental results also validate that FS-reconstructed
networks and RWR-reconstructed networks work better
than the original networks in most cases. This is because
the reconstructed networks filter out noisy or spurious
interactions in the original PPI networks.

We further evaluate prediction accuracy of these three kinds of
networks by using Gibbs Sampling in sparse-labeled PPI
networks. Concretely, in PPI networks, the annotated protein
proportion is changed from 0.1 to 0.9, and the remaining protein
functions are predicted. For each proportion of the annotated
proteins, the average prediction accuracy of running 10
experiments is presented on the PPI networks of S.cerevisiae
(Figure 2)and M.musculus (Figure 3), respectively. The
enrichment gains more accurate predictions than network
reconstruction and original networks. The BLAST-enriched
networks always work the best, while the BLAST-
reconstructed networks always perform the worst. As expected,
the experimental results also validate that FS-reconstructed
networks and RWR-reconstructed networks generally performe
better than the original networks. As the annotated protein
proportion in the original networks increases, the prediction
performance gets better for most networks, especially for the
1-st rank function. However, the prediction performance of the
original network slightly declines as its annotated protein
proportion increases (Figure 3G, H).

3.4 Performance Evaluation on Dataset B
As above, the performance of reconstructed and enriched
networks is first compared with that of the original networks

predictions are considered for both PPI networks of S. cerevisiae
and M. musculus. As expected, edge enrichment gaines higher
accurate predictions than network reconstruction and original
networks. Moreover, BLAST-enriched networks get best, while
the BLAST-reconstructed networks always work worst
(Figure 4). The reasons are the same as for the dataset A.

Next, we evaluate the prediction performance of these
networks in sparse-labeled conditions with the collective
classification method. Similarly, the average prediction
performance is generated over running 10 experiments, with
the annotated-protein proportion varying from 0.1 to 0.9.
Generally, the experimental results present a similar trend to
the above for the dataset A (Figure 5). However, FS-
reconstructed networks and RWR-reconstructed networks do
not outperform the original networks, due to the quality
properties of the dataset itself. This is mainly because many
informative interactions are deleted and the prediction
performance is impaired when reconstructing the networks
based on similarity.

To validate this point, 10% and 50% interactions of the original
network of the dataset B are randomly selected to construct two sparse
networks. The leave-one-out validation is then performed over the two
sparse networks. The selection process have two steps: First, a random
weight is assigned to each edge of the original network, and a
minimum spanning tree is constructed on the new network. The
randomness of the minimum spanning tree (MST) is ensured by the
random weights, and MST ensures the connectivity of the sparse
network. Second, the MST is expanded by adding a number of edges,
which are randomly selected from the original network (but not
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already on the MST). Hence, the number of edges in the sparse
network is equal to 10% or 50% of edges in the original network. The
sparse network preserves the basic topological properties of the
original network.

The final experimental results also confirm the above-
mentioned phenomenon. For example, in Figure 6, the FS-
reconstructed networks and the RWR-reconstructed networks
work better than the original networks when the networks are
very sparse (e.g. 10%). However, as the networks become denser,
the FS-reconstructed networks and the RWR-reconstructed
networks get worse than the original networks.

4 CONCLUSION

The systematic comparison of two network transformation
approaches (network reconstruction and edge enrichment) is
performed using three different protein similarity metrics
(sequence similarity, local and global similarity). In summary, edge
enrichment performs better than network reconstruction and original
networks, while network reconstruction is more effective on relatively
small and incomplete PPI networks. The edge enrichment of PPI
networks based on sequence similarity outperforms those based on
both local and global similarity. As the PPI networks become more
and more complete, the effectiveness of both edge enrichment and
network reconstruction will decrease or relatively decrease.
Research efforts will be further expanded in future, which
include: 1) how the removal of noisy edges and addition of
informative edges affect the prediction performance; 2) a
combining approach that combines the best properties of all

these indices is developed since the similarity indices considered
here have different properties and performances.
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