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Essential proteins are inseparable in cell growth and survival. The study of essential proteins is important for un-
derstanding cellular functions and biological mechanisms. Therefore, various computable methods have been proposed to
identify essential proteins. Unfortunately, most methods based on network topology only consider the interactions between
a protein and its neighboring proteins, and not the interactions with its higher-order distance proteins. In this paper, we
propose the DSEP algorithm in which we integrated network topology properties and subcellular localization information
in protein–protein interaction (PPI) networks based on four-order distances, and then used random walks to identify the
essential proteins. We also propose a method to calculate the finite-order distance of the network, which can greatly reduce
the time complexity of our algorithm. We conducted a comprehensive comparison of the DSEP algorithm with 11 existing
classical algorithms to identify essential proteins with multiple evaluation methods. The results show that DSEP is superior
to these 11 methods.

Keywords: protein–protein interaction (PPI) network, essential proteins, four-order distances, subcellular lo-
calization information

PACS: 89.75.–k, 87.23.Cc, 87.23.Ge DOI: 10.1088/1674-1056/acd7ca

1. Introduction
Essential proteins are an integral part of cell life and play

an important role in maintaining the fundamental functions of
organisms, whose absence would lead to the death or steril-
ity of the organism.[1] Therefore, accurate identification of es-
sential proteins has an important place in biomedical research.
Traditional essential proteins identification relies on biological
experimental methods, such as single gene knockout,[2] RNA
interference[3] and conditional gene knockout,[4] which have
a high degree of accuracy but often require a great deal of time
and a high amount of money.

With the development of high throughput technologies,
a huge amount of PPI network data has been mined, which
makes it possible to use computational methods to identify
essential proteins. Many methods based on the centrality of
PPI network topology properties have also been proposed to
identify essential proteins, such as degree centrality (DC),[5]

betweenness centrality (BC),[6] eigenvector centrality (EC),[7]

closeness centrality (CC),[8] subgraph centrality (SC),[9] lo-
cal average center (LAC),[10] network centrality (NC),[11] and
so on. However, there is a large amount of noisy data in
the PPI network, which makes these centrality methods for
identifying essential proteins less accurate. To overcome this
problem, many researchers have tried to use biological infor-
mation to enhance accuracy in identifying essential proteins.
Currently, the main biological data used by researchers in-
cludes gene ontology (GO) terms,[12] subcellular localization

information,[13] gene expression sequence,[14,15] and protein
complexes information.[16] For example, Hsing et al.[12] de-
veloped a central protein classifier using GO terms to identify
the central protein. The LDS method for identifying essen-
tial proteins was proposed by Li et al.,[17] which combines
local fractal dimension and subcellular localization informa-
tion. Li et al. and Tang et al. proposed the Pec[14] method and
the Wdc[18] method using the topological properties of PPI
network and gene expression data, respectively. Li et al.[16]

proposed the UC method by considering the number of pro-
teins that are present in the complexes. Lu et al.[19] proposed
the CENC method for essential proteins identification studies
by using protein complex information and the node clustering
coefficients. Although these methods have yielded good re-
sults, it is still challenging to better combine the topological
properties of PPI network and biological information to im-
prove the performance of identifying essential proteins. As
an optimization algorithm, the random walks method is also
widely used to identify essential proteins. For example, Lei
et al.[20] proposed the RWEP algorithm, which uses the ran-
dom walks method to integrate the topological properties of
PPI networks and four biological information to identify es-
sential proteins, and obtained an excellent experimental result.
In addition, the random walks method has been applied to link
prediction,[21] recommender systems,[22] ranking,[23] commu-
nity detection,[24] and transmission dynamics.[25]

Although these methods have good accuracy and have
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contributed to the development of the field of bioinformatics,
however, they usually only consider the interaction properties
between nodes and neighboring nodes in a PPI network, while
ignoring the interactions between nodes at higher-order dis-
tances. To break these limitations, in this paper a new method
called DSEP is proposed that combines the four-order dis-
tances and subcellular localization information of a PPI net-
work to identify essential proteins. In DSEP, we first construct
a topological information matrix based on the four-order dis-
tances of PPI network, we then construct a subcellular local-
ization information matrix based on the four-order distances,
and we finally use the random walks method to combine the
topological information matrix of PPI network and the subcel-
lular localization information matrix to identify essential pro-
teins. To evaluate the properties of the DSEP algorithm, we

used three PPI network data sets (i.e., BioGRID, YHQ, and
YMBD). The experiment revealed that DSEP has an outstand-
ing performance in identifying essential proteins compared to
11 comparison methods.

2. Methods

The PPI network can be expressed as G = (V (G),E(G)),
where V (G) = {v1,v2, . . . ,vn} denotes the set of vertices in
the PPI network and E(G) = {e1,e2, . . . ,em} denotes the set
of edges. The distance between vertices vi and v j is denoted
as di, j.

The DSEP algorithm for scoring proteins in PPI networks
has the following three main steps, and the algorithm flowchart
is shown in Fig. 1.

PPI network

Topological information matrix based on 

four-order distances

PPI networkSubcellular localization information

Information matrix for subcellular localization 

based on four-order distances 

Scoring of proteins using 

the random walks method

Evaluation of algorithm 

performance

Histograms

Six evaluation 

indicators

P-R curves

ROC curves

Fig. 1. Flowchart of DSEP.

Step 1 Calculate the four-order distances-based topologi-
cal information matrix in a PPI network.

Step 2 Calculate the information matrix of subcellular lo-
calization based on four-order distances in a PPI network.

Step 3 Based on these two similarity matrices, the pro-
teins are scored using the random walks method.

In Ref. [26], the authors report that the number of paths
with distance k between nodes vi and v j in graph G is Ak

i, j (𝐴
denotes the adjacency matrix of graph G). Therefore, we pro-
posed a method to calculate the finite-order distance matrix of
the graph G (see step 8 of Algorithm 1). In solving the distance
matrix of the network, the idea of Dijkstra’s algorithm is often
used to solve the distance matrix, which has a time complexity
of O (n3), while our proposed DSEP algorithm only needs to
use the four-order distances. With our proposed method, the
time complexity of solving the finite-order distances can be re-
duced to O (n2), which greatly reduces the time complexity of

the DSEP algorithm.

2.1. Topological information matrix based on four-order
distances

Most real networks are known to satisfy a power-law dis-
tribution. Based on this, Li et al.,[17] using the local fractal
dimension, proposed the following formula to calculate the
scores of nodes in the PPI network:

Bvi(r) =C · rDvi , (1)

where Bvi(r) denotes the sum of those nodes with distance
from node vi between 0 to r. Dvi denotes the score of node
vi, and C denotes a constant.

Equation (1) can be expressed as Dvi = m · lnBvi(r)/lnr.
In this equation, each order of distance of node vi has the same
importance for node vi, which is inconsistent with the actual
situation. Therefore, we define the following formula to cal-
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culate the topological similarity of nodes in the PPI network:

Bvi = c1 lnr1 +
4

∑
i=2

ci
lnri

ln i
, (2)

where ci (i = 1,2,3,4) denotes the coefficient of the i-th or-
der distance of node vi, and ri (i = 1,2,3,4) denotes the total
number of nodes of the i-th order distance of node vi. In this
paper, we have mainly considered the four-order distances of
vi.

Based on the equation defined above, we construct a four-
order distances-based topological information matrix, defined
as follows:

𝑇i, j =



c1 lnr1(i)
r1(i)

, if di, j = 1,

cdi, j

lnrdi, j(i)

lndi, j

rdi, j(i)
, if di, j = 2,3,4,

0, otherwise,

(3)

where rdi j(i) (di, j = 1,2,3,4) denotes the total number of
nodes in the PPI network with distance j to node vi.

2.2. Information matrix for subcellular localization based
on four-order distances

Subcellular localization information plays an indispens-
able role in the study of gene function, which represents the
specific location of proteins or gene expression products in the
cell. We analyzed the involvement of proteins in 11 intracel-
lular locations and defined a matrix of information on the sub-
cellular localization of proteins as follows:

Si, j =

{
1, if vi and v j in the same subcellular,
0, otherwise.

(4)

Combining Eq. (4), we define the information matrix for
subcellular localization based on four-order distances

𝐿i, j =



a1 lnsr1(i)
sr1(i)

, if di, j = 1 and Si, j = 1,

a2
lnsr2(i)

ln2
sr2(i)

, if di, j = 2 and Si, j = 1,

a3
lnsr3(i)

ln3
sr3(i)

, if di, j = 3 and Si, j = 1,

a4
lnsr4(i)

ln4
sr4(i)

, if di, j = 4 and Si, j = 1,

0, otherwise,

(5)

where srdi j(i) (di, j = 1,2,3,4) denotes the number of proteins
in the PPI network which are distant from node vi as j and are
jointly involved in subcellular processes.

2.3. DSEP algorithm

We propose the DSEP algorithm based on the random
walks method. We chose this approach because of its abil-
ity to integrate well the topological properties of the network.
The traditional random walks method only considers the topo-
logical properties of the network. In 2021, Ahmed et al.[27]

proposed the EPD-RW method by combining four biologi-
cal properties of proteins and eight topology-based centrality
methods using the random walks method. The random walks
are iteratively formulated as follows:

𝑞(t+1) = α𝑃𝑞(t)+β𝐵𝑞(t)+(1−α−β )𝑒, (6)

where 𝑃 denotes the proteins’ topological similarity matrix,
𝐵 denotes the biological property similarity matrix of the pro-
teins, and 𝑒 is an 1×n-dimensional (n denotes the total amount
of proteins) vector with value all 1/n, which denotes the prob-
ability vector of returning to the start node in a random walk.

Equation (6) combines the biological and topological
properties of proteins well but the probability of each restart
is 1/n, which does not reflect the actual situation effectively.
Therefore, we propose the following equation for the random
walks method:

𝑞(t+1) = α𝐿′𝑞(t)+(1−α)𝑇 ′, (7)

where 𝐿′ is the matrix obtained by normalizing the matrix 𝐿

(defined by Eq. (8)), which represents the transfer probabil-
ity matrix in the random walks method, and 𝑇 ′ is the matrix
evolved from the matrix 𝑇 (the exact process can be seen in
Eqs. (9) and (10)), which represents the probability of return-
ing to the starting position in the random walks method.

In order not to destroy the distance information contained
in the matrix, we normalize 𝐿 according to a new normaliza-
tion method as follows:

𝐿′ =
𝐿

MS-L
. (8)

where MS-L denotes the maximum row sum of matrix 𝐿.
We obtained the scoring matrix 𝐶 of the proteins based

on the PPI network topology using the row sum of matrix 𝑇 .
The definition is as follows:

𝐶i =
n

∑
j=1

Ti, j. (9)

After that, we normalized 𝐶 using the sigmoid function,
so that the restart probability of each node is 0–0.5.

𝑇 ′i =
1

1+ e−𝐶i
−0.5, (i = 0,1,2, . . . ,n). (10)
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Algorithm 1 DSEP

Input:
1: The data of PPI network G = (V,E);
2: The adjacency matrix 𝐴 of the PPI network;
3: Subcellular localization information;
4: Parameters in Table 2; Stopping error ε = 0.000001;

Output:
5: The sorting vector q of the PPI network;
6: Calculate the matrices 𝐴2, 𝐴3, 𝐴4 through the matrix 𝐴;
7: Initialize the four-order distances matrix 𝐷 of the graph G

to be a matrix with all values of n×n being zero;
8: for each vi, v j ∈V (G) do

if Ai, j = 1
Di, j = 1

elif A2
i, j ≥ 1
Di, j = 2

elif A3
i, j ≥ 1
Di, j = 3

elif A4
i, j ≥ 1
Di, j = 4

9: end for
10: Calculating the four-order distances-based topological information

matrix 𝑇 by Eq. (3);
11: Calculating the information matrix of subcellular localization

based on four-order distances 𝐿 by Eqs. (4) and (5);
12: Normalize the matrix 𝐿 to obtain the matrix 𝐿′ by Eq. (8);
13: Reconstruct matrix 𝑇 to get matrix 𝑇 ′ by Eqs. (9) and (10);
14: Initialize the vector 𝑞(t) = (1,1, . . . ,1);
15: while ‖𝑞(t+1)−𝑞(t)‖ ≥ ε do

Compute 𝑞(t+1) by Eq. (7);
16: end while
17: 𝑞 = 𝑞(t+1);
18: return 𝑞

3. Results and discussion
3.1. Experimental data

To evaluate the performance of DSEP, we have performed
a computational analysis of the PPI network of Saccharomyces
cerevisiae, which is the most integral and reliably available
single-cell network. We used data from three PPI networks,
which are BioGRID,[28] YHQ,[29] and YMBD. The BioGRID
data came from the BioGRID database,[28] the YHQ data was
constructed by Yu et al.,[29] and the YMBD data comes from
the Mark Gerstein Lab website. After removing duplicate
edges and self-interaction from the data, the network data are
shown in Table 1. The data for standard essential proteins are
integrated from the following data sets: MIPS,[30] SGD,[31]

DEG,[32] and SGDP.[33] Subcellular localization information
data is downloaded from COMPARTMENTS database,[34]

which contains 11 types of subcellular localization informa-
tion.

3.2. Parameter settings

In this paper, all of our parameters are locally optimal so-
lutions obtained in the various modules of Algorithm 1. For
example, in the BioGRID data, we chose the parameters for

the best performance case of identifying essential proteins,
which was to obtain the specific values (proportions) of pa-
rameters c1, c2, c3, c4, here we set to 0–10 to traverse, respec-
tively, and bring them into Eq. (3), find the row sums, and rank
them in descending order. The parameters that we chose are
shown in Table 2.

Table 1. The information contained in the three PPI networks: BioGRID,
YHQ, YMBD.

Data set Proteins Interaction Essential proteins

BioGRID 5616 52833 1199
YHQ 4743 23294 1108

YMBD 2559 11835 763

Table 2. Parameters in Algorithm 1.

Data sets a1 a2 a3 a4 c1 c2 c3 c4 α

BioGRID 3 0 3 1 4 0 5 2 0.9
YHQ 2 1 0 4 1 1 0 8 1.0

YMBD 1 2 0 0 2 0 1 1 0.2

3.3. Comparative analysis with other methods

To validate the performance of our proposed DSEP al-
gorithm, we comprehensively compared DSEP with 11 other
algorithms that excelled in identifying essential proteins. The
experiments showed that DSEP outperformed these compared
methods. In the following comparison experiments, the com-
pared methods are DC,[5] BC,[6] EC,[7] CC,[8] SC,[9] LAC,[10]

NC,[11] UC,[16] Pec,[14] Wdc,[18] and CENC.[19]

3.3.1. Histograms

A histogram can visualize the performance difference of
various methods in correctly identifying the number of essen-
tial proteins. First, we ranked the DSEP and 11 centrality
methods in sorted descending order with their scores. After
that, the top 100–600 selected proteins were used as the candi-
date essential protein set. Finally, the number of true essential
proteins in the candidate essential protein set was derived by
comparing the standard essential protein set. The results of the
experiments are shown in Figs. 2–4.

Figure 2 shows the identification results of DSEP with 11
comparison methods on the BioGRID data set. DSEP identi-
fied 24, 39, 50, 46, 39, and 50 more essential proteins when
compared to the best identification results of these 11 methods
in the top 100–600, respectively.

Figure 3 shows the identification results of DSEP with 11
comparison methods on the YHQ data set. DSEP identified
30, 59, 77, 63, 76, and 87 more essential proteins when com-
pared to the best identification results of these 11 methods in
the top 100–600, respectively.

Figure 4 shows the identification results of DSEP with 11
comparison methods on the YMBD data set. DSEP identified
13, 21, 35, 47, 53, and 51 more essential proteins when com-
pared to the best identification results of these 11 methods in
the top 100–600, respectively.
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This analysis shows that DSEP was significantly better at
accurately identifying the number of essential proteins in the

top 100–600 of the BioGRID, YHQ, and YMBD data sets than
the 11 comparison methods.
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Fig. 2. Comparison of the number of essential proteins accurately identified by DSEP with 11 other methods on the BioGRID data set.
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Fig. 3. Comparison of the number of essential proteins accurately identified by DSEP with 11 other methods on the YHQ data set.
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Fig. 4. Comparison of the number of essential proteins accurately identified by DSEP with 11 other methods on the YMBD data set.

3.3.2. Six evaluation indicators

To further assess the performance of our algorithm, we
have compared DSEP with 11 other methods in a comprehen-
sive manner under six evaluation metrics. These six evaluation
metrics are sensitivity (SN), specificity (SP), positive predic-
tive value (PPV), negative predictive value (NPV), F-measure
(F), and accuracy (ACC),[16] which are defined as follows:

SN =
TP

TP+FN
, (11)

SP =
TN

FP+TN
, (12)

PPV =
TP

TP+FP
, (13)

NPV =
TN

TN+FN
, (14)

F =
2×SN×PPV

SN+PPV
, (15)

ACC =
TP+TN

TP+TN+FP+FN
, (16)

where TP indicates the amount of protein positively predicted
as essential, TN indicates the amount of protein positively
predicted as non-essential, FP indicates the amount of non-
essential protein falsely predicted as essential, and FN indi-
cates the amount of essential protein falsely predicted as non-
essential.

We ranked the scores of the individual proteins in de-
scending order and selected the top 20% of the proteins as the
candidate essential protein set and the other 80% of the pro-

teins as the candidate non-essential protein set. From compar-
ing the standard essential protein sets, we were able to obtain
the amount of correctly identified essential proteins in the can-
didate essential protein sets. Among these six statistical met-
rics, the higher the value of the metric indicates the better the
execution of the algorithm. The comparison results of DSEP
algorithm with 11 methods in these six indicators are shown in
Table 3, and the experiments show that our algorithm is better
than these comparison methods.

3.3.3. The P–R curves

The X-axis of the precision–recall curve (P–R curve) rep-
resents the recall and the Y -axis represents the precision. In
the P–R curve, the area enclosed by the curve and the axes is
represented by AUPR. When the algorithm’s AUPR value is
higher, the algorithm has a better performance. Figures 5–
7 show the P–R curves of our DSEP algorithm and other
11 comparison methods on three different data sets (i.e., Bi-
oGRID, YHQ, and YMBD), and it is shown from the AUPR
values that our algorithm performs better. The formulas for
the Precision and Recall are defined as follows:

Precision =
TP

TP+FP
, (17)

Recall =
TP

TP+FN
. (18)

3.3.4. ROC curves

The ROC curve is also a good way to evaluate an algo-
rithm’s good or bad performance. The area enclosed by the
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ROC curve and the coordinate axes is called AUC, and similar
to AUPR, the higher the AUC value, the better the algorithm
performs in the ROC curve, as shown in Figs. 8–10, our algo-
rithm outperforms the other 11 methods in the ROC curve.

Table 3. Comparison of the DSEP algorithm with the other 11 methods
in the six statistical indicators on three different data sets.

Data sets Methods SN SP PPV NPV F-measure Accuracy

DC 0.415 0.848 0.449 0.830 0.432 0.749
BC 0.376 0.836 0.406 0.818 0.390 0.731
EC 0.248 0.811 0.281 0.784 0.263 0.682
CC 0.248 0.811 0.281 0.784 0.263 0.682
SC 0.381 0.840 0.415 0.820 0.397 0.735

BioGRID LAC 0.436 0.855 0.473 0.836 0.454 0.759
NC 0.445 0.857 0.481 0.838 0.462 0.762
UC 0.386 0.848 0.432 0.823 0.408 0.742
Pec 0.409 0.846 0.442 0.828 0.425 0.746
Wdc 0.440 0.856 0.476 0.837 0.457 0.760

CENC 0.385 0.850 0.433 0.823 0.408 0.743
DSEP 0.472 0.864 0.509 0.846 0.490 0.774

DC 0.404 0.856 0.489 0.808 0.443 0.741
BC 0.330 0.831 0.399 0.785 0.361 0.704
EC 0.392 0.857 0.483 0.805 0.432 0.739
CC 0.284 0.822 0.352 0.771 0.315 0.685
SC 0.394 0.856 0.482 0.806 0.433 0.739

YHQ LAC 0.431 0.867 0.524 0.817 0.473 0.756
NC 0.426 0.864 0.517 0.816 0.467 0.753
UC 0.402 0.858 0.491 0.808 0.442 0.742
Pec 0.380 0.841 0.449 0.799 0.412 0.724
Wdc 0.422 0.863 0.511 0.814 0.463 0.751

CENC 0.419 0.860 0.504 0.813 0.458 0.748
DSEP 0.457 0.866 0.537 0.824 0.493 0.762

DC 0.261 0.832 0.413 0.713 0.320 0.653
BC 0.282 0.830 0.430 0.718 0.340 0.659
EC 0.239 0.820 0.376 0.704 0.292 0.639
CC 0.194 0.801 0.306 0.686 0.238 0.611
SC 0.224 0.814 0.354 0.698 0.274 0.630

YMBD LAC 0.270 0.836 0.427 0.716 0.331 0.659
NC 0.266 0.835 0.422 0.715 0.326 0.657
UC 0.274 0.838 0.434 0.718 0.336 0.662
Pec 0.270 0.823 0.410 0.713 0.325 0.651
Wdc 0.274 0.836 0.431 0.717 0.335 0.660

CENC 0.280 0.834 0.434 0.719 0.341 0.661
DSEP 0.359 0.860 0.538 0.747 0.431 0.704
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Fig. 5. The P–R curve of the DSEP algorithm and other 11 methods in
the BioGRID data set.
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Fig. 6. The P–R curve of the DSEP algorithm and other 11 methods in
the YHQ data set.
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Fig. 7. The P–R curve of the DSEP algorithm and other 11 methods in
the YMBD data set.
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Fig. 8. ROC curves of the DSEP algorithm and other 11 methods in the
BioGRID data set.
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Fig. 9. ROC curves of the DSEP algorithm and other 11 methods in the
YHQ data set.
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Fig. 10. ROC curves of the DSEP algorithm and other 11 methods in the
YMBD data set.

4. Conclusion
In this paper, we propose an essential proteins identifica-

tion algorithm based on four-order distances and a method to
calculate finite-order distance combined with some knowledge
of graph theory, which can effectively reduce the time com-
plexity of solving the distance between nodes. To verify the
performance of DSEP, we did comparative experiments on Bi-
oGRID, YHQ, and YMBD data sets using various evaluation
methods against the existing 11 methods. The results of the
experiments show that DSEP has an excellent performance.
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