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Abstract: The rapid development of high-throughput technology has generated a large amount of
protein—protein interaction (PPI) data, which provide a large amount of data support for constructing
dynamic protein—protein interaction networks (PPINs). Constructing dynamic PPINs and applying
them to recognize protein complexes has become a hot research topic. Most existing methods for
complex recognition cannot fully mine the information of PPINs. To address this problem, we
propose a construction method of dynamic weighted protein network by multi-level embedding
(DWPNMLE). It can reflect the protein network’s dynamics and the protein network’s higher-order
proximity. Firstly, the protein active period is calculated to divide the protein subnetworks at different
time points. Then, the connection probability is used for the proteins possessing the same time
points to judge whether there is an interaction relationship between them. Then, the corresponding
protein subnetworks (multiple adjacency matrices) are constructed. Secondly, the multiple feature
matrices are constructed using one-hot coding with the gene ontology (GO) information. Next, the
first embedding is performed using variational graph auto-encoders (VGAEs) to aggregate features
efficiently, followed by the second embedding using deep attributed network embedding (DANE) to
strengthen the node representations learned in the first embedding and to maintain the first-order
and higher-order proximity of the original network; finally, we compute the cosine similarity to
obtain the final dynamic weighted PPIN. To evaluate the effectiveness of DWPNMLE, we apply four
classical protein-complex-recognition algorithms on the DWPNMLE and compare them with two
other dynamic protein network construction methods. The experimental results demonstrate that
DWPNMLE significantly enhances the accuracy of complex recognition with high robustness, and
the algorithms’ efficiency is also within a reasonable range.

Keywords: PPI data; graph representation learning; high-order proximity; protein complex recognition

1. Introduction

Proteins are complex macromolecules formed from various amino acids linked by
peptide bonds following specific patterns. As vital components of cellular structures,
proteins are crucial to the biochemical processes of living organisms, forming the foun-
dational substance for the execution of life’s various functions [1]. Proteins participate
in almost all biological interactions and play crucial physiological roles. The characteris-
tics of many identified proteins have not been experimentally determined, leaving their
functions unknown. Biological functions are not the purview of solitary proteins but
rather occur through the complex interplay among myriad proteins. The protein—protein
interaction network (PPIN) alludes to the topological structure of the genetic or physical
connections among all proteins within an organism, commonly called the protein network.
Constructing a dynamic network of these proteins is fundamental to numerous proteomic
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studies, such as recognizing protein complexes and discovering essential proteins, which
rely on a highly reliable protein network. In recent years, an extensive volume of protein—
protein interaction (PPI) data [2] have been accumulated, stemming from advancements
in high-throughput experimental methodologies. These accessible PPI data contribute to
constructing vast and complex protein networks for numerous organisms [3,4]. A con-
siderable portion of false positives and false negatives within the data have led to the
generation of largely unreliable protein networks. Thus, these networks’ precise model-
ing and subsequent analyses remain prominent in contemporary bioinformatics research.
Static protein networks can be constructed by employing high-throughput experimental
methodologies, especially yeast two hybrid (Y2H) [5] and tandem affinity purification
(TAP) [6]. These methods authenticate the presence of interaction edges by ascertaining
the interlinks between protein nodes and do not proffer temporal and spatial data corre-
sponding to PPIs and are greatly prone to encompassing false-positive and false-negative
results [7,8]. To address the inherent constraints of static PPINs, researchers have advocated
novel approaches, utilizing the dynamic expression of proteins at variable time points
and integrating multi-source heterogeneous biological data to excavate the complexity
of the interaction between proteins in multiple dimensions, encompassing facets such as
network topology and functional annotation [9]. Researchers have developed dynamic
PPINs on this premise, aiming to precisely illustrate the dynamics underlying protein
regulation within biological entities. Li et al. [10] amalgamated gene expression profiles
with subcellular localization information to architect a dynamic network. Building on this,
Li et al. [11] also proposed a methodology that fuses temporal process gene expression
data with subcellular localization data to construct dynamic protein interaction networks.
Nevertheless, discrepancies and inconsistencies sourced from multiple data often result in
diminished accuracy and reliability of the constructed network.

Currently, graph representation learning has gained wide application within the
analysis of PPINs. Such methods take the entire network as input and learn to transform
its topological structure into a vector representation (embeddings), which can be applied
to tasks such as label prediction and edge prediction [12-14]. Meng et al. [15] employed
a hierarchical compression strategy to condense the inputted protein interaction network
into a multi-layer PPI network, learning different granularity levels of protein embeddings
through network embedding methods and constructing a weighted PPI network using the
similarity of protein embeddings. Zhang et al. [16] used network embedding to learn the
vector representation of gene ontology (GO) terms, mapped GO term vector sequences
to protein vector representations using long short-term memory (LSTM) encoding, and
predicted whether two proteins interact using a feed-forward neural network.

Within the protein network, each node contains multiple features, such as protein
structural domain information, GO annotation information, and gene expression profiles,
which significantly impact the performance and function of PPINs [17]. Therefore, we
propose a construction method of dynamic weighted protein network through multi-level
embedding (DWPNMLE), which makes full use of the topological structure and biologi-
cal information to study the construction of protein networks and combines variational
graph auto-encoders (VGAEs) with deep attributed network embedding (DANE) for dual
embedding to build the final dynamic weighted protein interaction network. This method
can fully mine the high-order structural information and node attribute information of
PPINs. VGAE and DANE are combined because, in recent years, research has proven
that attributed network embedding methods are very effective in generating vector rep-
resentations of nodes in networks [18]. In the transformed vector space, the topological
proximity between nodes and the affinity of node attributes is maintained. The essence
of the dynamic construction of protein networks is the prediction of interactions between
proteins, which can be seen as a label-propagation problem on complex biological net-
works. VGAE and DANE have shown excellent performance in the feature representation
of nodes on graph-structured data, which can mine the network’s high-order structural
information as well as maintain the attribute information of the nodes, and have significant
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application value in the graph-structured data problems of bioinformatics [19,20]. The
experimental results show that the DWPNMLE proposed in this paper has advantages
regarding F1-measure, robustness, and algorithm efficiency when applied to four different
complex identification algorithms, compared with the other two most advanced dynamic
protein network construction methods.

2. Dynamic Weighted Protein Network Construction

Figure 1 shows the critical workflow of DWPNMLE, which consists of three steps:

adjacency matrix construction, feature matrix construction, and dynamic weighted network
generation through multi-level embedding.

(e e )
: Data Preparation Model Construction [
e e e e e e ] e
' E Adjacency Matrix First Embedding :

i 1 Construction ! i
' gmmmmmmmmmmmmmman . Cross entropy v

' T

! | P i
! Connection ! H N
: probability ol o
' S " i
Static protein network ~ STTTTTTTTmmmoos Lo cy m i
¥ 4 SRR 4 % = b
| N |
: Reconstructed 1 1
H Lower dimensional adjacency mawrix A | !
' atr embedding Z i
| i
oy ! ‘ I
e T B T P |
Sl () .
| I
| e
: I
1 2 N o i [o] [o] & i
2 P ' |o o| i HH
" I o o Semantic s
Protein subnetworks E V8 O T proximity loss Vi

| ! ' H
P Awbmemarsz || 3! o
P = i =5 i

; Comcaenate % ;
— Lower dimensional 1 |
' o] embedding B | !
Ve i
Adjacency matrix A ' 8 :
H ' '
1} Adjacency matrix A ! 8 !
2 |
i Featu ;
! i+ Construction |
H One ot Weighted matrix generation :
Molecular |
P - fncin_ 10008 ;
[ - - |
1 —' Biologica i
gical |
H - rocess =) '
H e N ' '
H E GO slim information Feature matrix X | Lower dimensional Weighted adjacent 1
: embedding B matrix !
U | |

T J

Figure 1. Process of the DWPNMLE method.

Adjacency matrix construction. Firstly, the protein activity cycles are computed using
a dynamic threshold function. Then, the interactions between different proteins are
measured by the connection probability (CP), and if it exceeds the threshold, an
edge is added. Finally, the resulting collection of protein subnetworks at different time
points is represented by the adjacency matrices A = {A, A,,..., A, }.

Feature matrix construction. After the first step is completed and the adjacency
matrices composed of multiple protein subnetworks are obtained, each protein within
the subnetworks is annotated using GO Slim information, followed by conducting one-
hot encoding. This process constructs multiple feature matrices X = {X1, Xp,..., Xu}
that represent the GO Slim annotations of the protein subnetworks.

Dynamic weighted network generation by multi-level embedding. Each adjacency
and feature matrix is input into VGAE for the first embedding. After learning
the low-dimensional representations of the nodes, a node attribute matrix collec-
tionZ ={Z,,Z,,...,Z,} is generated to represent the node attribute information in
each protein subnetwork. Then, each attribute and adjacency matrix are input into
DNAE for the second embedding, generating multiple low-dimensional embeddings
By, By, ..., By. These embeddings are concatenated in series to construct a weighted
PPIN by cosine similarity.
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2.1. Construction of the Adjacency Matrix

To facilitate description, the relevant definitions used in the construction process are
given as follows.

Definition 1. Dynamic Protein Network. Define a dynamic protein network, represented as
G ={G1,Gy,...,G;,...,Gu}, with G, representing the temporal snapshot of the protein network
at time n. G; = {Uj, E;} is the protein network at time i, U; = {uj, up, . .., u;, } represents the set
of proteins expressed at time i, and E; = {ej1, e, ..., ein }, represents the set of protein interactions
at time i.

Definition 2. Protein Activity Cycle. For any given protein u, if the average gene expression value
a(u) of protein u is not lower than the threshold th within a given time cycle, then this time cycle is
called the activity cycle of protein u.

Definition 3. Protein Subnetwork. By distinguishing the active time points and activity levels of
proteins according to the activity threshold, the activity of all proteins can be calculated to obtain
sets of proteins with different time slice sizes. Subnetworks are constructed for the proteins in each
set, resulting in multiple protein subnetworks.

2.1.1. Active Period Calculation

Proteins have their active periods in the cell, and gene expression data can reflect the
dynamic information of proteins at time points [21,22]. Generally, the expression level of a
protein will decrease after the protein has completed its function. Therefore, the protein
is active at time points when the related gene expression data are at a high level. Gene
expression data always contain unavoidable noise. Even though an active threshold is
used for each gene, active proteins with low expression values will likely be filtered out.
To address this problem, we calculate the active probability of each protein at different
time points based on the 3-sigma [23] criterion. Suppose the gene expression value of
protein u at time ¢ is G¢(u). The mean and standard deviation of gene expression for
protein u are a(u) and o (u). The activity threshold for protein u is calculated through the
following expression:

w(u) = % ilct(u), (1)

2

) — \/ Ty (Gelw) — a(u))?

n—1

Based on Equations (1) and (2), the function F(u) is defined to reflect the fluctuation
of the gene expression curve for protein u,

1

F(u) = m,

)

where 0 < F(u) < 1. Proteins play different roles and perform multiple functions in
biological processes, so their expression value varies across different periods and organi-
zations [24]. Generally, a threshold is used to determine whether a protein is expressed
at a time point or condition. A protein is considered to be expressed when its expression
value exceeds the given threshold. However, proteins with lower expression values might
be filtered out. Therefore, the active probability of a protein is calculated based on the
mean and standard deviation of the corresponding gene. The threshold function is defined
as follows:

th = a(u) +ko(u) x (1 —F(u)). 4)

Three standard deviations include about 99% of all observations. Since using a thresh-
old of ko, where ko is less than 30, results in a lower threshold, more gene expression
profiles will be retained. The calculation of th applies to all possible values of k (0 < k < 3).
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This paper selects 2.5 as the value of coefficient k [25]. Multiple protein subnetworks with
different time points can be divided by calculating the active period of all proteins.

2.1.2. Protein Subnetwork Construction

Let O = {04,0,,...,0,} represent the set of n proteins with the same active period.
We construct protein subnetworks by analyzing the interactions among proteins within
the same active period. The key is to determine whether there is a connection relation-
ship between different proteins within the same time point. To this end, we assess the
interactions between different proteins from two perspectives: the number of connection
differences and the number of common neighbors, proposing the connection probability
(CP). If the CP exceeds a certain threshold, it is assumed that a connection exists between
them. Specifically, if there are more common neighbors between two proteins, it indicates a
higher interaction probability. The number of connection differences, which is the ratio of
the number of directly connected edges between two proteins to the minimum value of
the degree of the node, can also indirectly measure the interaction relationship between
proteins. The definition of the CP between protein O, and protein O, is as follows:

1

,( INb(Ou)NNb(Op)| deyo ) ’ (5)
1+ e \INb(Ou)[+INb(Oo)[ " min(ndy,ndy)

CS(Ou, Oy) -

where Nb(O,) is the set of neighboring nodes of protein O, dc(uv) is the number of edges
directly connected between protein O, and protein O,, nd,, is the degree of protein O,,. The
1—0—(217_“ is the sigmoid function. For a given protein, at time point i, if CS(O,, Oy,) > J, itis
considered that there is an interaction between protein O, and protein O, and an edge is
added between them. The threshold ¢ is selected based on prior knowledge as 0.9.

A set of protein subnetworks at different time points is obtained at the end of the
calculation. The adjacency matrices A = {A1, Ay, ..., Ay} corresponding to the multiple
protein subnetworks within this collection serve as inputs for the subsequent VGAE model.
All the adjacency matrices required for multi-level embedding have been constructed. In
the following, for the convenience of model description, we use A to replace the adjacency
matrix of the protein subnetwork that needs to be input each time, namely Ay, Ay, ..., Aj.

The feature, attribute, and low-dimensional embedding matrices are represented similarly.

2.2. Construction of the Feature Matrix

In bioinformatics, the standardization of terminologies is crucial, and functional
annotation based on gene ontology (GO) has become the standard and dominant approach.
The main objective of gene ontology design is to provide consistent and standardized
annotations of gene and protein functions. They describe the organization of functional
information into a directed acyclic graph (DAG) consisting of three primary functional
levels: molecular function (MF), biological process (BP), and cellular component (CC).
The simplified version, GO Slim, is used instead of the complete GO annotations; in
some cases, GO annotations could be improved to avoid overly subdividing functionally
similar proteins and better reflect their interactive relations within the protein network.
Furthermore, we focus on mainly molecular functions and biological processes, excluding
cellular components, due to the interference caused by the annotations related to protein
complexes within cellular components during experimental validation. The construction of
the protein feature matrix employs one-hot encoding. In brief, each GO Slim annotation
is assigned a column, and each protein is assigned a row; if a protein has a particular GO
Slim annotation, the corresponding column mark is set to 1; otherwise, it is set to 0. After
this processing, multiple feature matrices X = {Xl, X5,..., Xn} were generated for each
protein subnetwork. Figure 2 illustrates the entire data processing workflow.
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Figure 2. Construction process of feature matrix.

2.3. Multi-Level Embedding Method Construction

The multi-level embedding method consists of the VGAE model and the DANE model.
Firstly, the adjacency matrix A and feature matrix X are input into VGAE for processing to
obtain the low-dimensional embedding matrix Z = {Z , Z,, ..., Z,}. Then, Z is input into
DANE as an attribute matrix and the adjacency matrix for processing. Finally, multiple low-
dimensional embeddings are obtained. The final weighted PPIN is derived by calculating
cosine similarity and integrating it with the dynamic PPIN.

2.3.1. Variational Graph Auto-Encoders

VGAE is an unsupervised learning framework based on variational auto-encoders
(VAEs) for graph structure data. It utilizes latent variables to learn interpretable latent
representations of undirected graphs. The first embedding is performed by inputting the
adjacency matrix A and the feature matrix X into an encoder consisting of two layers of
graph convolution network (GCN), which are defined as follows:

GCN(X, A) = AReLU(AXW;)W;. (6)

The first layer generates the low-dimensional representation X = GCN(X, A) =
ReLU(AXW;), and the second layer captures the low-dimensional representation and
generates 1 = GCN, (X, A) = AXW; and logo? = GCN,(X, A) = AXW;, which are the
mean and variance of the protein node vector, respectively. A = D~ 2AD"? refers to the
symmetrically normalized adjacency matrix, while Wy and W refer to the initialization
parameter matrix and the update parameter matrix after the GCN layer. GCN, (X, A) and
GCN (X, A) share the first layer weights.

Once the mean and variance are obtained, these parameterized latent variables allow
for the definition of a uniquely deterministic multidimensional Gaussian distribution
for each protein node. The protein nodes are sampled from this distribution to obtain
the embedding representation Z of the protein nodes. This representation captures and
quantifies the degree of interactions between proteins and the dynamics of the proteins
over time. The matrix the embedding Z is defined as follows:

N
9(Z|X, A) =] [9(zi|X, A), )
i=1

q(zi|X, A) = N(zi|pu;, diag(c?)), (8)

where z; represents the embedding vector of node i, and y; and ¢? are the mean and
variance of node i. After the mean and variance of all the node vectors are obtained, the
node vectors are then formed by resampling; that is, the € obeying a standard Gaussian
distribution is sampled first, and then z is computed based on the parameters with the
following equation:

z=pu+o0ee~N(,1). )

After obtaining the embedding Z, the distance metric can be calculated using the
inner product without altering the vector size. Thus, the reconstructed adjacency matrix is
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obtained by learning the similarity of each row in Z through the vector inner product [26],
as shown in the following equation:

A=o(zzh. (10)

The loss function consists of two parts: the first part is the reconstruction loss, and the
other part is the Kullback-Leibler Divergence. Their equations are defined below:

Lrecon = — Z(Al] log Al] + (1 — A,]) log(l — A,])), (11)
i

LxL = %Z(l—l—loga%—y%—q%), (12)
ij

where A;; represents an element from the original data, while Aij represents the correspond-
ing element in the model-reconstructed data. Equation (11) uses the cross-entropy loss
function to measure the difference between the model-reconstructed and original adjacency
matrix, accurately capturing the dynamic changes and associations between nodes in PPIN.
Equation (12) measures the difference between the learned potential spatial distribution
and the predefined distribution, which helps better distinguish the dynamic relationships
between different nodes.

2.3.2. Deep Attributed Network Embedding

DANE is a deep-learning-based network embedding method that can process node
attribute and network structure information at the same time. In contrast, traditional
network embedding methods can typically only process one. This allows DANE to reflect
the complexity of nodes better and thus achieve superior results in various tasks. Next,
a second embedding is performed, where the embedding Z obtained from VGAE is con-
structed as an attribute matrix, which is used as an input along with the adjacency matrix
M. DANE has two branches: the first one consists of a multilayered nonlinear function that
captures highly nonlinear network structure by mapping the input M to a low-dimensional
space, and the second one maps Z to a low-dimensional space to capture the high nonlin-
earities in the attributes. Each branch is an autoencoder that captures the highly nonlinear
structure. To maintain semantic proximity and higher-order approximation and minimize
the reconstruction loss, the loss function is as follows:

n
Lo=Y |12 — Zilf5, (13)
i=1
n
Ly = Y||¥; — M. |5, (14)
i=1

where Z;. and Z;. denote the original attribute matrix input by the encoder and the recon-
structed attribute similarity matrix output by the decoder, respectively, and i- represents all
the features associated with node i. Similarly, M;. denotes the original adjacency matrix,
and Ml-. denotes the reconstructed one. If two nodes have similar domain structures, the
representations learned by minimizing the reconstruction loss will also be similar. The
optimization objective adopted here recovers the protein network with high accuracy and
highlights the dynamic weights among proteins in the reconstructed network.

Further, first-order proximity and topology in the attributes can be maintained simul-
taneously by minimizing the negative log-likelihood. In other words, this loss function
helps to ensure that the model captures both the protein node attributes and the interaction
patterns in the network structure, thus maintaining these critical features in the embedding
vector. The equation is defined as follows:

Ly=— Y logpl! = Y logpy, (15)
E,‘j>0 E,’j>0
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where E;; > 0 denotes that the i protein and the j protein are topologically connected, and
the following equation can calculate pf}A and p% :

1
1+ exp (—HlM’Z(H]M’Z)T)/

pi, ph = (16)

where pf}’l and pizj define the predicted probabilities of a link between nodes i and j under
the graph structure view M and the attribute information view Z, respectively. pf}A is based

. M . . M .
on the topology representation H;*" of node i and the topology representation H i of node j,

while pl-Z]- is based on their attribute feature representations HZ and H JZ The embedding of
the nodes is reflected in the inner product of the embedding vectors of node j, represented
by (H]M )T and (H]Z)T The inner product of two points in an embedding reflects their
similarity. When the points are similar, the inner product is close to 1. On the other hand,
when the points are dissimilar or unrelated, the inner product is neutral, around 1/2.

It is important to consider consistency and differentiation between nodes to ensure that
representations contain both topology and attribute information. Thus, the loss function is
defined below:

L= Z {logpii — Z log (1 pl] (17)

1

1+exp (-HM(HZ)T)' (18)

pij =

where p;; denotes the joint probability between the representations of the same node in
two different modalities; maximizing p;; makes the representation of the same node in
two modalities consistent. p;; denotes the joint probability between the representations
of two different nodes in two modalities, and E;; = 0 denotes that the i node and j node
are not connected topologically. At this point, if left unconstrained, H" and H ]Z may be
relatively similar, thus leading to the confusion of expressions in different nodes, so they
need to be pushed apart, and minimizing 1 — p;; can achieve this. In addition, without a
direct connection between two nodes, our processing logic underpins distinguishing the
functional and spatial locations of different protein nodes, which is one of the prerequisites
for constructing an accurate model in dynamic protein network analysis.

The joint optimization objective loss function is obtained by combining the semantic
similarity, first-order similarity, higher-order similarity, and consistency.

L=Ls+Ly+Ls+Le. (19)

By minimizing the loss function L, the feature representations learned by all nodes
from the network structure and node attributes can be obtained. This approach integrates
attributes and structural features while directly mapping the functional relationships and
dynamical properties of connected nodes to the embedding of each protein node.

After obtaining the embeddings By, By, . . ., B, of multiple protein subnetworks, the
protein embeddings can be represented by concatenating the embeddings learned from
all protein subnetworks as matrix B. For instance, the final embedding of protein u is
represented as

B(u) = [Bo(u), B1(u),...,Bu(u)], (20)

where B.(u) is the protein subnetwork to which protein u belongs. Next, the weighted PPIN
is constructed by calculating the cosine similarity (CS). Given the embedding vectors B ()
and B(v) for protein u and protein v, the cosine similarity between proteins is defined as

TBGa) < B _ 1)

__B(u)-B(v) if Ay >0
C:
0 if Ay, =0
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The refined adjustment of the reconstructed weighted adjacency matrix is achieved

by calculating the cosine similarity and updating the original PPIN to obtain the final
weighted adjacency matrix C. Each element of the matrix C reflects the importance of the
existing connections and the potential similarity between nodes.

The resulting weighted matrix C contains not only the structure of the original network

but also emphasizes the information embedded in the nodes by the cosine similarity of each
pair of connected nodes, which will be next applied to the protein-complex recognition
algorithm. The general description of the DWPNMLE is presented in Algorithm 1.

Algorithm 1 Dynamic Weighted Protein Network Construction (DWPNMLE)

Input: PPI data; Gene expression data; Threshold J; GO Slim information

Output: Dynamic weighted protein network

1:
2:

Step1: Construct adjacency matrix A
Calculate all protein active periods using gene expression data as input to the
Equations (1)-(3); construct a subnetwork based on the protein active period and add

an edge if CS(0Oy, Oy) > §; repeat this step until the end of the calculation;

: Step2: Construct GO Slim feature matrix X

4: Traverse the entire protein set and mark the presence of annotation information as 1 to

® N o O

10:

11:

12:

13:

14:

15:

16:

17:
18:

19:

obtain the feature matrix X;

: Step3: First embedding using VGAE
: (1) Initialization, input adjacency matrix A and feature matrix X;
: (2) Calculate A, and apply GCN encoder to obtain AReLU (EXWO> Wy;

: (3) For each node i, calculate the latent representation z; based on y; and 0'1-2 to obtain

the embedding representation Z;

: (4) Reconstruct the adjacency matrix A through the decoder;

(5) Compute the reconstruction loss Lyecon and the KL divergence regularization term
Lki;

(6) Minimize the total loss Ly.con + L1, and update the model parameters Wy, Wy, u
and o;

Step4: Second embedding using DANE

(1) Initialization, input adjacency matrix M and feature matrix Z;

(2) Generate two embedding matrices HV and H? through the auto-encoder, and
calculate Lj, and Lg;

(3) Calculate the connection probabilities pf}”l and pg, using the sigmoid function to
process the inner product of embedding vectors;

(4) Calculate the losses L and L;

(5) Minimize the total loss L, update the model parameters;

Step5: Calculate the cosine similarity Concatenate the low-dimensional embedding
representation, compute the cosine similarity, and finally obtain the weighted adjacency
matrix C;

Output the dynamic weighted protein network.

3. Experiments and Results

Two other dynamic protein network construction methods, ST-APIN [11] and FS-

DPIN [27], are selected for comparison to verify the effectiveness of the DWPNMLE method.
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Taking the protein complex recognition task as an example, a variety of more typical protein
complex recognition algorithms, ClusterONE [28], COACH [29], MCL [30], and Core [31],
were applied to the two datasets to test the effectiveness of the proposed networks.

3.1. Materials

S. cerevisiae PPI data are more comprehensive than those of other species and have
been widely used in protein-complex recognition experiments. We use two S. cerevisiae
protein interaction datasets, DIP [7] and BioGRID [32]; only physical interactions were
retained in both datasets. After removing self-interactions and repeat interactions, the
protein and interaction counts were determined and are shown in Table 1. CYC2008 [33],
which contains 408 protein complexes, is used as the benchmark protein complex dataset.
Gene expression data are obtained from the Gene Expression Omnibus (GEO) GSE3431 [34],
and GO annotation information was obtained from the GO Consortium [35].

Table 1. The Statistics of PPI Datasets.

Datasets Proteins Interactions
DIP 4957 20,836
BioGRID 5628 56,328

3.2. Evaluation Metrics

To comprehensively evaluate the superiority of the DWPNMLE method, the following
metrics are used to evaluate the performance of different methods:

(1) Overlapping score (OS). The OS evaluates the degree of individual match between
the protein complexes recognized by the algorithm and the standard complexes. The
recognized protein complexes are represented by set I, while the standard complexes are
represented by set S; the OS is defined as follows:

~|Ln N Suf?

OS(Iy, Sn) = Tl T8ul”

(22)
where I, is a recognized protein complex and I, € I; S, is a standard protein complex
and S, € S. The |I,, N S| indicates the number of intersections of the recognized protein
complex I, with the standard protein complex S;,. According to most previous research,
two protein complexes are matched if the calculation of OS(I,,,, S,) exceeds the threshold
of 0.2, so we also set the threshold to 0.2.

(2) Precision, recall, and F1-measure [36]. Precision represents the ratio of correctly
recognized protein complexes to the total number of recognized protein complexes. Recall
reflects the coverage of the algorithm in recognizing accurate protein complexes; the higher
the recall value, the more real protein complexes the algorithm can recognize. The harmonic
mean Fl-measure of precision and recall is used to evaluate the overall performance of a
protein complex prediction algorithm. These metrics are defined below:

Precision = |I|\;C|l|, (23)
N, =|{i|iel,3s€S,08(is)>02}], (24)
Recall = ‘Ncs|, (25)

S|
Nes =|{s|s€S,3iel,0S(s,i)>02}], (26)
Flomeasure — 2 X Precision X Recall, 27)

Precision + Recall
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where |N;| indicates the number of recognized complexes with at least one match to a
known complex, and |NCS\ is the number of known complexes with at least one match to a
recognized complex.

3.3. Performance Comparison

In addition to the DWPNMLE method, we have selected two other advanced dynamic
protein network construction methods, applied all the construction methods to four classic
complex recognition algorithms, and performed comparative experiments on two publicly
available datasets, DIP and BioGRID. We also perform robustness analysis and algorithm
efficiency analysis.

3.3.1. Comparison with Other Methods

Tables 2 and 3 show the comparative performance of the different methods regarding
precision and recall. The comparison results show that the DWPNMLE in our research
outperforms the other two construction methods regarding precision and recall perfor-
mance metrics on the two datasets where the four complex identification algorithms are
applied. On the DIP dataset, the DWPNMLE achieved optimal precision and recall values
of 0.7315 and 0.7156 when using the ClusterONE algorithm for complex identification,
which are 10% and 11.4% higher than the ST-APIN method and 7.6% and 16.7% higher
than the FS-DPIN method. In addition, when combined with the three protein complex
identification algorithms, COACH, MCL, and Core, respectively, the Precision values of
the DWPNMLE method were 14.3%, 29.5%, and 17.7% higher than those of the ST-APIN
method and 8.5%, 14% and 10.1% higher than those of the FS-DPIN method. Meanwhile,
the Recall values were improved by 28.3%, 34.8%, and 33.3% over the ST-APIN method and
3.2%, 22.6%, and 12.6% over the FS-DPIN method, respectively. On the BioGRID dataset,
when the ClusterONE algorithm was used for complex recognition, DWPNMLE obtained
the optimal precision value of 0.6872 and a recall value of 0.6935, which are improved
by 11.6% and 23.1%, respectively, over the ST-APIN method and by 4.3% and 15.2% over
the FS-DPIN method. In addition, when combined with the three complex recognition
algorithms COACH, MCL, and Core, the precision values of the DWPNMLE method are
improved by 17.8%, 20.3%, and 23.8% compared to the ST-APIN method and by 14.9%,
6%, and 15.1% compared to the FS-DPIN method. The recall values are improved by
31.2%, 18%, and 41.3% over the ST-APIN method and by 25.3%, 15.8%, and 16.5% over the
FS-DPIN method.

Table 2. Performance comparison of different methods on the DIP dataset.

Recognition Methods Construction Methods Precision  Recall
ST-APIN 0.6653 0.6422

ClusterONE FS-DPIN 0.6801 0.6134
DWPNMLE 0.7315 0.7156

ST-APIN 0.5977 0.4887

COACH FS-DPIN 0.6300 0.6072
DWPNMLE 0.6834 0.6269

ST-APIN 0.4905 0.4165

MCL FS-DPIN 0.5568 0.4580
DWPNMLE 0.6350 0.5613

ST-APIN 0.5520 0.4676

Core FS-DPIN 0.5903 0.5536

DWPNMLE 0.6498 0.6233
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Table 3. Performance comparison of different methods on BioGRID dataset.
Recognition Methods Construction Methods Precision Recall
ST-APIN 0.6214 0.5633
ClusterONE FS-DPIN 0.6589 0.6020
DWPNMLE 0.6872 0.6935
ST-APIN 0.5451 0.4693
COACH FS-DPIN 0.5587 0.4916
DWPNMLE 0.6421 0.6158
ST-APIN 0.4357 0.4231
MCL FS-DPIN 0.4943 0.4311
DWPNMLE 0.5240 0.4991
ST-APIN 0.4855 0.3997
Core FS-DPIN 0.5223 0.4850
DWPNMLE 0.6010 0.5649

The results of the comparison of F1-measure values are shown in Figures 3 and 4,
which clearly show that the DWPNMLE method has the highest F1-measure value. On
the DIP dataset, the DWPNMLE achieves the optimal F1-measure value of 0.7235 when
using the ClusterONE algorithm for complex identification, which is 10.7% higher than
ST-APIN (0.6535) and 12.2% higher than FS-DPIN (0.6450). In addition, the DWPNMLE also
obtains the highest F1-measure values when combines with the three complex recognition
algorithms, COACH, MCL, and Core, with 0.6539, 0.5959, and 0.6363, respectively, followed
by the FS-DPIN method, with F1-measure values of 0.6184, 0.5026, and 0.5714. For the
third-ranked ST-APIN method, the corresponding F1-measure values are 0.5377, 0.4505,
and 0.5063. On the BioGRID dataset, the DWPNMLE achieves the optimal F1-measure
value of 0.6903 when using the ClusterONE algorithm for complex recognition, which is
16.8% higher than that of the ST-APIN (0.5909) and 9.7% higher than that of the FS-DPIN
(0.6294). The DWPNMLE likewise obtained the optimal F1 value. The following best F1
measure values are obtained by the FS-DPIN, with the corresponding F1 values of 0.5230,
0.4605, and 0.5030. The third-best F1-measure values are obtained by the ST-APIN, at
0.5044, 0.4293, and 0.4384, respectively.

In summary, our proposed DWPNMLE method outperforms the ST-APIN method and
FS-DPIN method in all three evaluation metrics, which fully demonstrates that in effectively
fusing biological and topological information to construct dynamically weighted protein
networks with multi-level embedding, not only can the rich node representations be deeply
mined, but also the higher-order topological patterns of the network can be preserved. Our
approach provides an efficient and multidimensional representation learning paradigm for
dynamic protein network construction.

0.7
0.6
0.5
04
0.3
0.2

ClusterONE 0.1
COACH 0.0
1?,300 MCL DWPNMLE
Coy, on Core FS-DPIN

ST-APIN . ds
e1’17003, Constractio® Metho

F1-measure

Figure 3. F1-measure of different methods on the DIP dataset.
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Figure 4. F1-measure of different methods on the BioGRID dataset.

3.3.2. Robustness Analysis

PPI data in the real world often include numerous false positives (interactions that are
detected but not present) and false negatives (actual interactions but are undetected). These
inaccuracies challenge the effectiveness of algorithms meant to recognize protein complexes.
To evaluate our network construction method’s reliability, we conducted further analysis by
comparing the performance of different complex recognition algorithms when confronted
with these incorrect data. Taking the BioGRID dataset as an example, we choose two
complex identification algorithms, ClusterONE and Core, and simulate false-positive and
false-negative situations in protein networks by randomly adding or removing a certain
percentage of edges.

Figure 5 shows that based on the initial protein network, multiple networks with
different degrees of false positives are constructed by randomly increasing the proportion of
edges, and the performance of the complex recognition algorithms in ClusterONE and MCL
on these networks is examined. No matter which algorithm is used for complex recognition,
the performance of our method tends to be stable after the proportion of increasing edges
reaches 30%. Specifically, the F1-measure values of the combined ClusterONE and MCL
algorithms are 0.6038 and 0.4410 when the proportion of added edges reaches 30%, while
the corresponding F1-measure values are 0.5901 and 0.4223 when the proportion of added
edges reaches 50%. Figure 6 presents the experimental results obtained by randomly
deleting the proportion of edges in the network, thus obtaining multiple protein networks
with varying degrees of false negatives. The performance of all the recognition algorithms
decreases dramatically as the false negatives increase in the network, mainly because the
more edges are removed from the network, the more real interactions between the proteins
may be disrupted, leading to the loss of complexes. Overall, the F1-measure values of
DWPNMLE+ClusterONE and DWPNMLE+MCL are consistently better than those of the
other methods, even when the false-negative data increase by up to 50%, fully reflecting
the reliability of the protein networks constructed by DWPNMLE.

—8— DWPNMLE+ClusterONE
~¥— FS-DPIN+ClusterONE
0.6F 1 —— ST-APIN+ClusterONE
—<¢ DWPNMLE+MCL
—>— FS-DPIN+MCL
. M —8— ST-APIN+MCL

20 30 0 50
Percentage of increased edges (%)

0.7

Fl-measure
© o o o
[38) (9%} = W

o

)

Figure 5. False positive analysis of different recognition methods.
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Figure 6. False negative analysis of different recognition methods.

By simulating these uncertainties, one can assess the robustness and accuracy of
the protein network construction method, even when the input data are noisy or incom-
plete. This provides valuable insights into the practical applicability of the method and its
resilience to errors in real experimental data.

3.3.3. Methods Efficiency Analysis

In this section, we separately analyze the efficiency of different methods for com-
plex recognition. Combining the results shown in Figure 7, it can be found that ST-
APIN+MCL has the longest running time on both DIP and BioGRID datasets, while FS-
DPIN+ClusterONE has the shortest running time. However, DWPNMLE+ClusterONE on
both datasets is between the former two, inferior to FS-DPIN+ClusterONE but superior to
ST-APIN+MCL.

Methods
DWPNMLE+ClusterONE
FS-DPIN+ClusterONE
ST-APIN+ClusterONE
DWPNMLE+COACH
FS-DPIN+COACH
ST-APIN+COACH
DWPNMLE+MCL
FS-DPIN+MCL
ST-APIN+MCL
DWPNMLE+Core
FS-DPIN+Core
ST-APIN+Core

DIP
I

Datasets

BioGRID

0 20 40 60 80 100 120
Running time (s)

Figure 7. Efficiency analysis of different methods.

Specifically, on the two datasets, when combining the four complex recognition algo-
rithms of ClusterONE, COACH, MCL, and Core, DWPNMLE has an average efficiency
of 9%, 5.9%, 4.9%, and 7.3% over ST-APIN, respectively. On the BioGRID dataset, the
advantage of DWPNMLE is even more significant, corresponding to an efficiency improve-
ment over ST-APIN of 11.1%, 11.5%, 3.7%, and 7.8%, respectively. Although DWPNMLE’s
overall efficiency is slightly lower than that of FS-DPIN’s, mainly due to the additional
computational overhead required to represent multiple protein subnetworks and per-
form multi-level embeddings, the method sacrifices time efficiency for higher complex
identification accuracy.
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Overall, DWPNMLE maintains high recognition accuracy while keeping the compu-
tational efficiency of the complex recognition task within an acceptable range, showing a
good balance between time performance and recognition accuracy.

4. Conclusions

Recognizing biologically significant protein complexes from dynamic PPIN is currently
one of the hot research topics in bioinformatics. However, PPI data obtained from biological
experiments often contain a large number of false positives and false negatives, which
presents significant challenges for protein network construction. In addition, the existing
methods cannot fully mine the higher-order information and attribute information of nodes
in PPIN, and the shortcomings of the existing methods can be improved by combining
graph representation learning methods to fully mine protein network information.

In this paper, we propose a dynamic weighted PPIN construction method using multi-
level embedding. The method considers the protein active period, connection probability,
and GO information and uses the multi-level embedding model to fully explore the deep
information in the network to construct a dynamic weighted protein network. The ex-
perimental results indicate that our protein network construction method, DWPNMLE,
can effectively improve the accuracy of protein complex recognition while ensuring the
method’s efficiency and better robustness compared to the ST-APIN and FS-DPIN. In future
work, it will be essential to continue improving the network’s construction using graph
representation learning and to develop effective and highly accurate algorithms for protein
complex recognition.
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