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ABSTRACT

Essential proteins are a vital part of the survival of organisms and cells. Identification of
essential proteins lays a solid foundation for understanding protein functions and discov-
ering drug targets. The traditional biological experiments are expensive and time-
consuming. Recently, many computational methods have been proposed. However, some
noises in the protein-protein interaction (PPI) networks affect the efficiency of essential
protein prediction. It is necessary to construct a credible PPI network by using other useful
biological information to reduce the effects of these noises. In this article, we proposed a
model, Ess-NEXG, to identify essential proteins, which integrates biological information,
including orthologous information, subcellular localization information, RNA-Seq infor-
mation, and PPI network. In our model, first, we constructed a credible weighted PPI
network by using different types of biological information. Second, we extracted the topo-
logical features of proteins in the constructed weighted PPI network by using the node2vec
technique. Last, we used eXtreme Gradient Boosting (XGBoost) to predict essential proteins
by using the topological features of proteins. The extensive results show that our model has
better performance than other computational methods.

Keywords: essential protein prediction, node2vec, weighted protein-protein interaction network,
XGBoost.

1. INTRODUCTION

E SSENTIAL PROTEINS ARE INDISPENSABLE for the survival of organisms and cells (Winzeler et al., 1999),
and the absence of essential proteins leads to organisms exhibiting disability or results in death (Clat-
worthy et al., 2007). The understanding of essential proteins lays a theoretical foundation for the nosogenesis
of complex diseases and the determination of drug targets (Furney et al., 2006). Thus, the identification of
essential proteins is necessary and important for biologists. Usually, biologists use traditional biological
experiments to identify essential proteins, including single-gene knockout (Giaever et al., 2002), conditional
knockout (Cullen and Arndt, 2005), and RNA interference (Roemer et al., 2003). These methods require a lot
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of work in the laboratory, time, and money. Thus, researchers developed some computational methods to
identify essential proteins in recent years.

The most famous rule in the prediction of essential proteins is the Centrality-Lethality rule, which was
proposed by Jeong et al. in 2001, and which shows that nodes with high connectivity are more likely to be
essential proteins than nodes with low connectivity in the protein-protein interaction (PPI) networks. Based
on this rule, many computational methods have been proposed for essential protein prediction. Generally,
these computational methods can be divided into three categories: topology-based methods, integrating
topological and biological information methods, and machine learning-based methods. There are several
representative topology-based methods, such as Local Average Connectivity (LAC) (Li et al., 2011),
Closeness Centrality (CC) (Wuchty and Stadler, 2003), Betweenness Centrality (BC) (Joy et al., 2005),
Degree Centrality (DC) (Hahn and Kern, 2004), Information Centrality (IC) (Stephenson and Zelen, 1989),
Eigenvector Centrality (EC) (Bonacich, 1987), and Subgraph Centrality (SC) (Estrada and Rodriguez-
Velazquez, 2005).

With the development of proteomics, the protein data can be easily obtained. Researchers began
using different kinds of biological information in the prediction of essential proteins (Zhang et al.,
2020). Many computational methods that integrate the PPI network and biological information have
been proposed, such as PeC (Li et al., 2012), UDoNC (Peng et al., 2015), ION (Peng et al., 2012), and
CoTB (Qin et al., 2017). Li et al. proposed a method named PeC, which is based on the integration of
the PPI network and gene expression data to predict essential proteins. Wang et al. proposed a method
named UDoNC to predict essential proteins by integrating the domain features of proteins and topo-
logical properties of the PPI network. Peng et al. proposed a method named ION, which integrates
orthologous protein information and the PPI network to predict essential proteins. Qin et al. proposed a
new method named CoTB, which integrates subcellular localization information, orthologous protein
information, and the PPI network.

In addition to the two types of computational methods, some machine-learning classifiers have been
introduced to predict essential proteins. The researchers used some feature selection techniques to extract
features from protein data and other biological information, and then used machine-learning algorithms
to classify essential proteins. The representative machine-learning algorithms are Naive Bayes (Tang
et al., 2014), support vector machine (SVM) (Hwang et al., 2009), genetic algorithm (Zhong et al., 2013),
and decision tree (Acencio and Lemke, 2009). In recent years, deep learning techniques show more
powerful competitive than traditional machine-learning algorithms in lots of fields. Inspired by the
success of deep learning techniques, several researchers use deep learning methods to predict essential
proteins. Zeng et al. (2018, 2019a, 2019c) proposed several deep learning-based computational frame-
works, such as DeepEP, to predict essential proteins. DeepEP uses multi-scale convolutional neural
networks to extract the patterns of gene expression profiles, and it applies the node2vec technique to
extract the topological features of proteins that are located in the PPI network. In addition, DeepEP takes
the data imbalance into consideration. A sampling method is used to address the imbalance between
essential proteins and non-essential proteins.

The mentioned computational methods exhibit good performance in the prediction of essential proteins.
These computational methods always used the raw PPI network which is the most important in all bio-
logical information. However, some researchers found that there are a large number of noises in the PPI
network, including false-positive and false-negative edges, which hampers the prediction of essential
proteins (Von Mering et al., 2002). To eliminate the influence of these noises in the PPI network, one
feasible method is to construct a reliable weighted PPI network by using some other biological information.
In this study, we used three kinds of biological information, including orthologous information, RNA-Seq
information, and subcellular localization information. The RNA-Seq information describes how strongly
two proteins interact; this can be used to reduce noises in the raw PPI network. Similarly, the subcellular
localization information reflects the spatiality of proteins, and the orthologous information represents the
conservatism of proteins. The biological information can be used to reduce the false-positive and false-
negative edges and to construct a reliable weighted PPI network.

In this article, we proposed a new model based on node2vec and eXtreme Gradient Boosting (XGBoost)
to predict essential proteins. The workflow of our model includes three steps. First, due to the mentioned
noises in the PPI network, we constructed a reliable weighted PPI network by using RNA-Seq information,
subcellular localization information, and orthologous information. Second, we applied the node2vec
technique to extract the topological features of each protein in the constructed weighted PPI network.
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Third, the XGBoost classifier is used to classify the essentiality of proteins based on the extracted features.
Our model is tested on the Saccharomyces cerevisiae PPI network by comparing with several computa-
tional methods, including LAC (Li et al., 2011), NC (Wang et al., 2012), PeC (Li et al., 2012), BC (Joy
et al., 2005), CC (Wuchty and Stadler, 2003), EC (Bonacich, 1987), IC (Stephenson and Zelen, 1989), SC
(Estrada and Rodriguez-Velazquez, 2005), SPP (Li et al., 2018), WDC (Tang et al., 2014), RSG (Lei et al.,
2018), NIE (Zhao and Lei, 2019), and DeepEP (Zeng et al., 2019c). The results show that our model
performs better than other competitive methods.

2. MATERIALS AND METHODS
2.1. Data source and preprocessing

In this study, four types of protein data and biological information are used, including subcellular
localization information, RNA-Seq information, orthologous information, and the raw PPI network. The
raw PPI network is downloaded from the BioGRID database, which is a general protein interaction network
database. After removing repeated edges, there are 5501 proteins and 52,271 interactions. The dataset of
essential protein is collected from the following four databases: SGD (Cherry et al., 1998), DEG (Zhang
and Lin, 2008), MIPS (Mewes et al., 2002), and OGEE (Chen et al., 2011). We combined them together
and obtain 1285 essential proteins.

The subcellular localization information, RNA-Seq information, and orthologous information were
collected from the knowledge channel of the COMPARTMENTS database (Binder et al., 2014), the NCBI
SRA database (Zhao et al., 2017), and the InParanoid database (Ostlund et al., 2009), respectively. The
subcellular localization of S. cerevisiae can be divided into 11 compartments: cytoskeleton, cytosol, en-
doplasmic, endosome, vacuole, golgi, plasma, nucleus, peroxisome, mitochondrion, and extracellular. The
RNA-Seq dataset contains gene expression profiles of 7108 proteins. The gene expression profiles represent
the metabolic cycle, with 12 time points of each protein in S. cerevisiae. There are a large number of
species that have orthologous proteins in S. cerevisiae. We selected 99 species that have the highest
similarity with S. cerevisiae. We calculated the frequency of protein homology with 99 species to obtain an
orthologous score.

2.2. Constructing weighted PPI network

In general, the raw PPI network can be represented as an undirected graph G (V, E), which con-

sists of a set of nodes V={v,vs, ..., v,} and edges E={e(v;,v;) }. Each node v; € V refers to a pro-
tein in the PPI network, and each edge e(vi, vj) € E refers to the interaction between pairs of proteins
Vi and Vj.

Recently, researchers found that the noises in the raw PPI network will significantly affect the
performance of essential protein prediction. Thus, it is imperative to construct a reliable weighted PPI
network. For this purpose, we constructed the weighted PPI network by using subcellular localization
information, RNA-Seq information, and orthologous information. RNA-Seq information represents the
intensity of expression, and each protein has an expression profile with 12 time points, which can be
regarded as a feature vector with a 12 dimensionality of proteins. Subcellular localization information
indicates which compartment the protein is located in. It is divided into 11 compartments, and thus we
use an 11-dimensionality vector to encode it (each dimension represents a specific subcellular locali-
zation of a protein). Orthologous information is a real number that represents the degree of homology
between S. cerevisiae and other 99 species. Finally, the combination of the three kinds of biological
information can be used to construct the weighted PPI network and effectively reduce the noises in the
raw PPI network.

2.2.1. Obtain better representation with principal component analysis. Subcellular localization
information, RNA-Seq information, and orthologous information are three different kinds of biological
information, which leads to the inability to combine them together to weight the raw PPI network directly.
Specifically, the differences between the three kinds of biological information have two points. First, the
ranges of values in the three types of biological information are completely different. Second, the RNA-Seq
information and orthologous information are dense vectors whereas the subcellular localization information
is a very sparse vector.
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To solve these problems and obtain an effective protein representation vector, the principal com-
ponent analysis (PCA) technique is applied to reduce the dimension of the raw protein representation
vector. When PCA does feature extraction, it projects the samples from the high-dimensional space to
the low-dimensional space by linear transformation, so that a dense low-dimensional protein vector can
be obtained, which is more suitable for the weight of edges calculation. The steps of PCA are:

(1) We assume a protein set X ={x;, xa, ..., X, }, and the dimension of the feature vector for a protein
is n.
(2) First, the feature vector minus the mean value:

xi=x;— % (i=1, 2, ...,nj=1, 2, ..., m) (D

y

(3) Second, calculate the covariance matrix ), of X:

1
= — xXT )

(4) Third, calculate the eigenvalue (A, Az, ..., A,) and eigenvector (w;, ws, ..., w,) of the covariance
matrix ).
(5) Finally, transform the protein set X from high-dimension n to low-dimension n’:

Z=Ww'x 3)

where W= (w1, @7, ...0p).
The value of ' is determined by experimental results. After these steps of PCA, we can obtain a dense
vector n’, which is a better representation.

2.2.2. Calculation of the strength of interacting proteins by Pearson’s correlation coeffi-
cient. Pearson’s correlation coefficient (PCC) is a popular method to calculate the similarity. In this
article, we used PCC to calculate the intensity of the interaction between a pair of protein nodes based on
the representation vector of each protein. For two interacting protein nodes v;=(xj, X, ...xy) and
vi=(1,¥2, ...yw), the intensity of their interaction is calculated as follows:

S (= () (= 1(»)
VIR ()P 2 - a(3)?

where (x) and p(y) are the mean values of the protein representation vectors of protein v; and v;; n
represents the dimensionality of the vector.

Finally, we obtained a weighted PPI network, and the Weight(vi, vj) =PCC (vi, vj) of the edges in the
weighted network represents the intensity of interaction between protein pairs. Figure 1 shows the process
of PPI network weighting.

PCC(V,‘ . Vj) =

4)

/

2.3. Prediction of essential proteins based on node2vec and XGBoost

Considering that the PPI network is the most important part in the prediction of essential proteins, we
need to find an appropriate technique to obtain the topological features of proteins. The traditional feature
selection method from the PPI network is Manual feature selection. However, there are three limitations.
First, researchers need to have a lot of prior knowledge in the field. Second, researchers from different
backgrounds have different ideas for the same problem, thus they may use different features to design the
model. Third, the selected feature (such as DC, CC) is a scalar, which cannot represent the complex
topological information of the PPI network. Network representation learning can overcome these limita-
tions, and thus we used node2vec (Grover and Leskovec, 2016) to learn the topological features from the
constructed PPI network.
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FIG. 1. The workflow of constructing the weighted PPI network. To obtain a reliable weighted PPI network. RNA-
Seq information, subcellular localization, and orthologous information are used to eliminate the noises. The PCA is
used to obtain protein representation vectors, and the PCC is used to weight the raw PPI network according to protein
representation vectors. PCA, principal component analysis; PCC, Pearson’s correlation coefficient; PPI, protein-protein
interaction.

Node2vec was proposed in 2016, and the main steps are as follows. First, in graph G, the node sequences
are generated according to the connection relation of nodes. The two parameters p and q are defined in
Node2vec to balance depth-first search and breadth-first search; the generated node sequences can retain
both local neighbor node relationship and global structure information. Second, the Skip-Gram model
(Mikolov et al., 2013) is used to predict the context of a given central vertex. The goal of the Skip-Gram
model is maximizing the co-occurrence likelihood of the given central vertex and the context. Eventually,
the topological features of vertices can be obtained.

The XGBoost (Chen et al., 2017) algorithm is an ensemble learning method. At the beginning, the
XGBoost algorithm uses a simple model to fit the data. Then, simple models are overlaid onto the XGBoost
model constantly. With the increase of the number of simple models, the complexity of the whole XGBoost
model becomes higher. The model performs best in the prediction of essential proteins when the com-
plexity of the model is equal to the complexity of the data. Figure 2 shows the flow of feature extraction and
classification.
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FIG. 2. The workflow of protein feature extraction and essential protein prediction. Node2vec is used to extract the
features of proteins in the weighted PPI network, and then the XGBoost classifier is used to predict essential proteins.
XGBoost, eXtreme Gradient Boosting.

2.4. Assessment metrics

To evaluate the performance of our model, we used five assessment metrics: accuracy, precision, recall,
F-score, and area under curve (AUC). They are defined as follows:

TP+TN
accuracy = &)
TP+TN+FP+FN

.. TP

precision = TPLFP (6)
P

recall = ——— (7

TP+FN
F— score = 2xprecisionxrecall )

precision+recall

where TP means the number of essential proteins that are correctly classified as essential proteins, TN
means the number of non-essential proteins that are correctly classified as non-essential proteins, FP means
the number of non-essential proteins that are incorrectly classified as essential proteins, and FN means the
number of essential proteins that are incorrectly classified as non-essential proteins.

The AUC is a widely used measure to evaluate the performance of a classifier; it is defined as the area
under the Receiver Operating Characteristic (ROC) curve. The ROC curve is drawn with the false-positive
rate (FPR) and the true-positive rate (TPR). The FPR and TPR are defined as:

FP
FPR= —— ©)]
FP+TN
R = L (10)
TP+ FN
3. RESULTS

3.1. Comparison with other computational methods

In this study, we compared our model with some current computational methods, including topology-
based methods (BC, CC, EC, IC, LAC, NC, SC, PeC, SPP, WDC, RSG, NIE) and a deep learning-based
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method (DeepEP), by using four assessment metrics, including accuracy, precision, recall, and F-score.
Since the topology-based methods use scoring functions to score the nodes, we sorted the nodes according
to their scores and took the top 1285 nodes as candidate essential proteins and the last 4126 nodes as
candidate non-essential proteins. The results of our model and other computational methods are shown in
Table 1. By comparing these methods, the performance of our model is verified.

As can be seen from the results in Table 1, our model has better performance in all assessment metrics. In
the topology-based methods, the highest values of these assessment metrics are the accuracy of LAC, the
precision of SPP, the recall of NIE, and the F-score of SPP, respectively. Our model outperforms other
computational methods in accuracy, precision, recall, and F-score, at 7.3%, 7.0%, 9.8%, and 14.3%,
respectively. Compared with DeepEP, which is a deep learning-based method, we found that our model
improves the accuracy, precision, recall, and F-score by 0.2%, 3.1%, 6.9%, and 7.1%, respectively. Be-
sides, we found some interesting phenomena. The performance of the CC method is not as good as other
topology-based methods. The performance of LAC and NC, EC and SC, PeC, and WDC is very similar.
The SPP is a method that was published in 2018 and it has the highest F-score among the 12 topology-based
methods. The RSG and NIE are the comparatively new topology-based methods to identify essential
proteins in the past 2 years and have exhibited decent performance among the topology-based methods.
DeepEP is a deep learning-based method to identify essential proteins and have good performance. In other
words, our model has better performance than other computational methods.

3.2. Comparison with other machine-learning models

In this study, to find the best machine-learning classifier, we compared our model with other machine-
learning methods, including SVM, Naive Bayes, decision tree, random forest, and AdaBoost. The results of
the five classifiers are shown in Table 2. We can see that the results of our model are the best (accuracy:
0.82, precision: 0.60, recall: 0.58, F-score: 0.59, AUC: 0.82), which are higher than SVM (0.70, 0.38, 0.62,
0.47, and 0.73), Naive Bayes (0.79, 0.50, 0.38, 0.43, and 0.72), decision tree (0.71, 0.35, 0.40, 0.37, and
0.60), random forest (0.79, 0.54, 0.17, 0.26, and 0.67), and AdaBoost (0.79, 0.51, 0.29, 0.37, and 0.71). We
drew the ROC curves of the five classifiers and showed them in Figure 3. From Figure 3, the ROC curve of
our model is higher than other machine-learning classifiers.

3.3. The effects of different parameters and similarity calculation methods in our model

In our model, some parameters and similarity calculation methods have different effects on experimental
performance. Here, we focused on two types of parameters and similarity calculation methods: the low
dimension n’ of PCA and the similarity calculation method.

TABLE 1. COMPARISON OF THE PREDICTED RESULTS BETWEEN OUR MODEL AND OTHER COMPUTATIONAL METHODS,
INCLUDING TOPOLOGY-BASED METHODS AND DEEP LEARNING-BASED METHODS

Methods Accuracy Precision Recall F-score
BC 0.728 0.411 0.383 0.396
CC 0.670 0.278 0.259 0.268
EC 0.732 0.420 0.391 0.405
IC 0.746 0.454 0.423 0.438
LAC 0.763 0.492 0.458 0.475
NC 0.762 0.490 0.457 0.473
SC 0.732 0.420 0.391 0.405
PeC 0.758 0.480 0.447 0.463
SPP 0.706 0.561 0.479 0.516
WDC 0.758 0.481 0.448 0.464
RSG 0.758 0.475 0.518 0.495
NIE 0.757 0.473 0.528 0.499
DeepEP 0.817 0.582 0.518 0.551
Our model 0.819 0.600 0.580 0.590

BC, Betweenness Centrality; CC, Closeness Centrality; EC, Eigenvector Centrality; IC, Information Centrality; LAC, Local
Average Connectivity; SC, Subgraph Centrality.
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TABLE 2. COMPARISON OF THE PREDICTION RESULTS OF OUR MODEL WITH OTHER MACHINE-LEARNING CLASSIFIERS

Model Accuracy Precision Recall F-score AUC
SVM 0.70 0.38 0.62 0.47 0.73
Naive Bayes 0.78 0.50 0.38 0.43 0.72
Decision tree 0.73 0.39 0.42 0.40 0.63
Random forest 0.80 0.58 0.27 0.37 0.71
AdaBoost 0.79 0.51 0.29 0.37 0.71
Our model 0.82 0.60 0.58 0.59 0.82

AUC, area under curve; SVM, support vector machine.

3.3.1. The effects of the low dimension n' of PCA. In our model, choosing the low dimension of
representation vector when using the PCA technique has a significant impact on the performance of
essential protein identification. To find the most suitable dimension for the low dimension n’ of PCA, seven
dimensions (9, 10, 11, 12, 13, 14, 15) are selected as candidate dimensions for testing. Figure 4 shows the
performance of seven dimensions. In five assessment metrics, we mainly focused on F-score and AUC.
Figure 5 shows the AUC of the seven dimensions. From Figure 4, the best AUC and F-score are obtained
when the dimension is 12. In addition, the model has better performance in recall when we select the 12-
dimensional vector. Although the accuracy and precision of the 12-dimensional vector are not the highest,
considering all assessment metrics, our model has better performance when we choose 12 as the low
dimension n’ of PCA.

3.3.2. The effects of different similarity calculation methods. As mentioned earlier, there is a lot
of noise in the PPI network. Based on the integrated biological data, it is very important to choose an
appropriate similarity calculation method when we weight the constructed network. To find a suitable
similarity calculation method, we compared three similarity calculation methods: PCC, Spearman corre-
lation coefficient (SCC), and cosine similarity (CoS).
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FIG. 3. ROC curves of our model and other machine-learning algorithms. ROC, Receiver Operating Characteristic.
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TABLE 3. COMPARISON OF THE EFFECTS OF DIFFERENT SIMILARITY CALCULATION METHODS

Similarity Accuracy Precision Recall F-score AUC
CoS 0.81 0.60 0.51 0.55 0.79
Nee 0.80 0.57 0.50 0.53 0.78
PCC 0.82 0.60 0.58 0.59 0.82

CoS, cosine similarity; PCC, Pearson’s correlation coefficient; SCC, Spearman correlation coefficient.

The CoS measures the difference between two samples by calculating the cosine value between two
vectors in a vector space. The two vectors are similar when the cosine value is closer to 1, which indicates
that the angle between these two vectors approaches 0. For the two samples x=(x, xz, ...x,) and
y=(y1,¥2, --.¥u), the CoS between them is defined as:

CoS= iz i (12)
Vx5 v

Table 3 shows the performance of the three similarity calculation methods. From five assessment
metrics, accuracy, precision, recall, F-score, and AUC, we can see that when we choose PCC to
calculate the strength between two interacting proteins, the model has the largest values (0.82, 0.60,
0.58, 0.59, and 0.82). From Table 3, it was observed that the model has the worst performance when we
used SCC to calculate the weight of edges in the PPI network. Figure 6 shows the ROC curves of the
three similarity calculation methods. It can be seen, when using PCC to calculate the weight of edges in
the PPI network, that the ROC curve of the model is higher than other methods, and the value of AUC is
the largest. The results show that PCC is the most suitable similarity calculation method for the
calculation of the weight in the PPI network, which gives our model better performance than other
similarity calculation methods.
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FIG. 6. ROC curves of three similarity methods.
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TABLE 4. COMPARISON OF THE ACCURACY, PRECISION, RECALL, F-SCORE, AND AREA UNDER CURVE
OF OUR MODEL, THE MODEL WITHOUT PRINCIPAL COMPONENT ANALYSIS, AND THE MODEL
USING RAW PROTEIN-PROTEIN INTERACTION NETWORK

Model Accuracy Precision Recall F-score AUC
Without PCA 0.71 0.22 0.11 0.15 0.51
Raw PPI network 0.72 0.39 0.51 0.44 0.72
Our model 0.82 0.60 0.58 0.59 0.82

PCA, principal component analysis; PPI, protein-protein interaction.

3.4. Comparisons with the model without PCA and the model using raw PPI network

In our study, we aimed at investigating whether a constructed weighted PPI network could achieve
prominent improvements in the task of the identification of essential proteins. In our model, we carried
out two steps: dimensionality reduction by using PCA and the weighted PPI network. To verify the
need for them, we conducted an ablation study. Specifically, we compared the performance of our
model with the model without PCA and the model with the raw PPI network. The results are shown in
Table 4. From the experimental results, we can see that the worst performance is achieved when using
the model without PCA. It shows that using PCA to address different sources of biological data is very
important in our model. In addition, we found that the performance decreases when using the raw PPI
network. It shows that the noses in the raw PPI network hamper the classification task. Figure 7 shows
the ROC curves of the three models. It can be seen that the ROC curve of our model is higher than the
other two models. In summary, our model has the best performance than other models, which means
that the dimension reduction is necessary for PPI network weighting, and the weighted PPI network in
our model improves the performance of essential proteins identification. Hence, there is a significant
improvement for the identification of essential proteins by weighting the raw PPI network with mul-
tisource biological data to construct a more reliable PPI network.

ROC Curve
1.0
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(o]
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—— Raw PPI (AUC:0.72)
/f’ —— Without PCA (AUC:0.51)
0.0 —— Ess-NEXG (AUC:0.82)
0.0 0.2 0.4 0.6 0.8 1.0
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FIG. 7. ROC curves of our model, the model without PCA, and the model using the raw PPI network.
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4. CONCLUSION

Essential proteins are indispensable for the survival of organisms and cells. Developing an accurate
computational method to identify essential proteins is very useful for biologists. In this study, we proposed
a new model based on node2vec and XGBoost to predict essential proteins. It has been proved that there are
a lot of noises in the raw PPI network; thus, we used RNA-Seq information, subcellular localization
information, orthologous information, and the raw PPI network to construct a high-quality and reliable
weighted PPI network. Then, we applied the node2vec technique to extract the topological features of
proteins. Last, the XGBoost classifier is used to predict the essentiality of proteins. To evaluate the
performance of our model, we compared it with several competitive computational methods. The exper-
imental results show that our model outperforms them. To find the most suitable parameters and similarity
calculation method in our model, we also carried out a series of experiments. By comparing with the model
using the raw PPI network, our weighted PPI network greatly improves the performance of essential protein
prediction. The results indicate that constructing a weighted PPI network is very helpful in the prediction of
essential proteins. In the future, we would further improve the performance of essential protein prediction
by using powerful deep learning techniques (Zeng et al., 2019b) and useful biological information (Zeng
et al., 2019b; Zhang et al., 2019d).

ACKNOWLEDGMENT

Part of this article is published in the International Symposium on Bioinformatics Research and
Applications (ISBRA) 2020 (Wang et al., 2020).

AUTHOR DISCLOSURE STATEMENT

The authors declare they have no conflicting financial interests.

FUNDING INFORMATION

This work was supported in part by the National Natural Science Foundation of China under Grant
(No. 61832019), Hunan Provincial Science and Technology Program (2019CB1007), and the Degree
& Postgraduate Education Reform Project of Hunan Province (Grant No. 2019JGYBO051).

REFERENCES

Acencio, M.L., and Lemke, N. 2009. Towards the prediction of essential genes by integration of network topology,
cellular localization and biological process information. BMC Bioinformatics 10, 290.

Binder, J.X., Pletscher-Frankild, S., Tsafou, K., et al. 2014. COMPARTMENTS: unification and visualization of
protein subcellular localization evidence. Database (Oxford) 2014. DOI: 10.1093/database/bau012.

Bonacich, P. 1987. Power and centrality: a family of measures. Am. J. Sociol. 92, 1170-1182.

Chen, W., Fu, K., Zuo, J., et al. 2017. Radar emitter classification for large data set based on weighted-xgboost. IET
Radar Sonar Nav. 11, 1203-1207.

Chen, W.-H., Minguez, P., Lercher, M.J., et al. 2011. OGEE: an online gene essentiality database. Nucleic Acids Res.
40, D901-D906.

Cherry, J.M., Adler, C., Ball, C., et al. 1998. SGD: Saccharomyces genome database. Nucleic Acids Res. 26,
73-79.

Clatworthy, A.E., Pierson, E., and Hung, D.T. 2007. Targeting virulence: a new paradigm for antimicrobial therapy.
Nat. Chem. Biol. 3, 541.

Cullen, L.M., and Arndt, G.M. 2005. Genome-wide screening for gene function using RNAi in mammalian cells.
Immunol. Cell Biol. 83, 217-223.

Estrada, E., and Rodriguez-Velazquez, J.A. 2005. Subgraph centrality in complex networks. Phys. Rev. E 71,
056103.



Downloaded by Central South University from www.liebertpub.com at 06/21/21. For personal use only.

Ess-NEXG 13

Furney, S.J., Alba, M.M., and Lépez-Bigas, N. 2006. Differences in the evolutionary history of disease genes affected
by dominant or recessive mutations. BMC Genomics 7, 165.

Giaever, G., Chu, A.M., Ni, L., et al. 2002. Functional profiling of the Saccharomyces cerevisiae genome. Nature 418,
387.

Grover, A., and Leskovec, J. 2016. node2vec: scalable feature learning for networks, ACM855-ACM864. Proceedings
of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, San Francisco, CA,
August 24-27, 2016.

Hahn, M.W., and Kern, A.D. 2004. Comparative genomics of centrality and essentiality in three eukaryotic protein-
interaction networks. Mol. Biol. Evol. 22, 803-806.

Hwang, Y.-C., Lin, C.-C., Chang, J.-Y., et al. 2009. Predicting essential genes based on network and sequence analysis.
Mol. Biosyst. 5, 1672-1678.

Jeong, H., Mason, S.P., Barabasi, A.-L., et al. 2001. Lethality and centrality in protein networks. Nature 411, 41.

Joy, M.P., Brock, A., Ingber, D.E., et al. 2005. High-betweenness proteins in the yeast protein interaction network.
Biomed Res. Int. 2005, 96-103.

Lei, X., Zhao, J., Fujita, H., et al. 2018. Predicting essential proteins based on RNA-Seq, subcellular localization and
GO annotation datasets. Knowl. Based Syst. 151, 136-148.

Li, M., Li, W., Wu, F.-X_, et al. 2018. Identifying essential proteins based on sub-network partition and prioritization by
integrating subcellular localization information. J. Theor. Biol. 447, 65-73.

Li, M., Wang, J., Chen, X., et al. 2011. A local average connectivity-based method for identifying essential proteins
from the network level. Comput. Biol. Chem. 35, 143-150.

Li, M., Zhang, H., Wang, J.-X., et al. 2012. A new essential protein discovery method based on the integration of
protein-protein interaction and gene expression data. BMC Syst. Biol. 6, 15.

Mewes, H.-W., Frishman, D., Giildener, U., et al. 2002. MIPS: a database for genomes and protein sequences. Nucleic
Acids Res. 30, 31-34.

Mikolov, T., Sutskever, 1., Chen, K., et al. 2013. Distributed representations of words and phrases and their compo-
sitionality, 3111-3119. In Advances in Neural Information Processing Systems. DOI: 10.5555/2999792.2999959.
Ostlund, G., Schmitt, T., Forslund, K., et al. 2009. InParanoid 7: new algorithms and tools for eukaryotic orthology

analysis. Nucleic Acids Res. 38, D196-D203.

Peng, W., Wang, J., Cheng, Y., et al. 2015. UDoNC: an algorithm for identifying essential proteins based on
protein domains and protein-protein interaction networks. IEEE/ACM Trans. Comput. Biol. Bioinform. 12,
276-288.

Peng, W., Wang, J., Wang, W., et al. 2012. Iteration method for predicting essential proteins based on orthology and
protein-protein interaction networks. BMC Syst. Biol. 6, 87.

Qin, C., Sun, Y., and Dong, Y. 2017. A new computational strategy for identifying essential proteins based on network
topological properties and biological information. PLoS One 12, e0182031.

Roemer, T., Jiang, B., Davison, J., et al. 2003. Large-scale essential gene identification in Candida albicans and
applications to antifungal drug discovery. Mol. Microbiol. 50, 167-181.

Stephenson, K., and Zelen, M. 1989. Rethinking centrality: methods and examples. Soc. Netw. 11, 1-37.

Tang, X., Wang, J., Zhong, J., et al. 2014. Predicting essential proteins based on weighted degree centrality. [EEE/ACM
Trans. Comput. Biol. Bioinform. 11, 407-418.

Von Mering, C., Krause, R., Snel, B., et al. 2002. Comparative assessment of large-scale data sets of protein—protein
interactions. Nature 417, 399-403.

Wang, J., Li, M., Wang, H., et al. 2012. Identification of essential proteins based on edge clustering coefficient. IEEE/
ACM Trans. Comput. Biol. Bioinform. 9, 1070-1080.

Wang, N., Zeng, M., Zhang, J., et al. 2020. Ess-NEXG: predict essential proteins by constructing a weighted protein
interaction network based on node embedding and XGBoost, 95-104. In International Symposium on Bioinformatics
Research and Applications. Springer.

Winzeler, E.A., Shoemaker, D.D., Astromoff, A., et al. 1999. Functional characterization of the S. cerevisiae genome
by gene deletion and parallel analysis. Science 285, 901-906.

Wuchty, S., and Stadler, P.F. 2003. Centers of complex networks. J. Theor. Biol. 223, 45-53.

Zeng, M., Li, M., Fei, Z., et al. 2018. A deep learning framework for identifying essential proteins based on protein-
protein interaction network and gene expression data, Proceedings of the 2018 IEEE International Conference on
Bioinformatics and Biomedicine (BIBM), Madrid, Spain, pp. 583-588.

Zeng, M., Li, M., Fei, Z., et al. 2019a. A deep learning framework for identifying essential proteins by integrating
multiple types of biological information. IEEE/ACM Trans. Comput. Biol. Bioinform. DOI: 10.1109/TCBB
.2019.2897679.

Zeng, M., Li, M., Fei, Z., et al. 2019b. Automatic ICD-9 coding via deep transfer learning. Neurocomputing 324,
43-50.



Downloaded by Central South University from www.liebertpub.com at 06/21/21. For personal use only.

14 WANG ET AL.

Zeng, M., Li, M., Wu, F.-X_, et al. 2019c. DeepEP: a deep learning framework for identifying essential proteins. BMC
Bioinformatics 20, 506.

Zeng, M., Zhang, F., Wu, F.-X_, et al. 2019d. Protein—protein interaction site prediction through combining local and
global features with deep neural networks. Bioinformatics 36, 1114-1120.

Zhang, F., Song, H., Zeng, M., et al. 2019. DeepFunc: a deep learning framework for accurate prediction of protein
functions from protein sequences and interactions. Proteomics 19, 1900019.

Zhang, J., Li, W., Zeng, M., et al. 2020. NetEPD: a network-based essential protein discovery platform. Tsinghua
Science and Technology 25, 542-552.

Zhang, R., and Lin, Y. 2008. DEG 5.0, a database of essential genes in both prokaryotes and eukaryotes. Nucleic Acids
Res. 37, D455-D458.

Zhao, J., and Lei, X. 2019. Predicting essential proteins based on second-order neighborhood information and infor-
mation entropy. IEEE Access 7, 136012—-136022.

Zhao, J., Lei, X., and Wu, F.-X. 2017. Predicting protein complexes in weighted dynamic PPI networks based on ICSC.
Complexity 2017, 1-11.

Zhong, J., Wang, J., Peng, W., et al. 2013. Prediction of essential proteins based on gene expression programming.
BMC Genomics 14, S7.

Address correspondence to:

Dr. Min Li

School of Computer Science and Engineering
Central South University

No. 932 Lushan South Road

Changsha, Hunan 410083

P.R. China

E-mail: limin @mail.csu.edu.cn



