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ABSTRACT

Traditional network representation learning methods focus solely on the network’s topology, ignoring
other sources of information that could improve the learning process. On the other hand, attributed
networks incorporate additional contextual information in the form of node attributes, which can lead
to more accurate representations of nodes in the network. The proposed approach aims to map the
network onto a low-dimensional space that effectively captures the interaction between the two sources
of information. In this study, we present an extension of the node2vec algorithm, called Node2vec
Attributed Network Embedding that incorporates both network topology and node attributes to learn
network embeddings. We evaluate the performance of Node2vec Attributed Network Embedding
against other state-of-the-art methods for node classification and link prediction tasks on real-world
datasets, demonstrating that Node2vec Attributed Network Embedding outperforms other methods and
highlighting the importance of incorporating diverse feature types for network representation learning.
Our study provides valuable insights into the challenges of representing network data for machine
learning tasks. It proposes a practical approach for incorporating structural and attribute information
into the network embedding process.
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INTRODUCTION

Recently, complex systems have gained significant attention due to their ability to represent
large datasets in functional domains [1]. Academic networks, such as Scopus and Google
Scholar, and social networks, including Instagram and Facebook, are examples of networks
utilized for investigating and simulating complex real-world processes by taking advantage of
the network’s knowledgeable data structure.

The analysis of these networks can yield valuable insights into how to leverage the latent
information present within them. Therefore, several machine learning (ML) algorithms aim to
discover new patterns and make predictions by treating network data as vector features [2]. On
a social network, for example, a user might be recommended to make new friends. In the field
of ML, traditional algorithms typically take a set of input features organized in a vector format
and are not well-suited to processing network data. However, network data consists of
relationships that establish important connections between nodes. These relationships contain
valuable information that cannot be fully captured by individual features alone. In addition,
network data can be difficult to manage because of their massive size [3] (billion-node and
billion-edge networks), heterogeneous structure [4] (various types of nodes and edges), and
additional information associated with nodes. To efficiently implement ML-based tasks such
as node classification and link prediction, the primary challenge is to create an appropriate
representation of network data that simply depict networks [5]. For example, when considering
the link prediction task, it may be necessary to incorporate information such as the number of
mutual connections shared by two nodes or to represent the topology of a node’s surrounding
network, either on a local or global scale. To address the challenges listed above, many methods
have been suggested to automatically learn representations for network data [6-12]. The idea
behind Network Representation Learning (NRL) is to learn a mapping that projects
nodes/edges into a low-dimensional vector space to preserve the network properties [1-5]. Once
the embeddings are obtained, they can be utilized as input data for ML techniques for extracting
valuable insights while developing classifiers or other predictive models.

Matrix decomposition techniques have been utilized in the early stages of research to produce
low-dimensional feature vectors. The success of word embedding techniques [13, 14] in natural
language processing (NLP) has motivated researchers to develop methods using shallow neural
networks for extracting the structural characteristics of nodes in network embedding. Recently,
a novel approach to learning node representations in networks has been introduced. This
approach, known as node2vec [12], employs the Skip-gram model [13] from NLP to extract
representations from random walk sequences. The method solely utilizes the network structure
as input and disregards additional information.

These methods have proven to be effective in various network analysis tasks, including link
prediction [15], visualization [16], community detection [17], and node classification [18].
However, most NRL methods have traditionally focused on the network’s topology, while
ignoring other sources of information that could potentially improve the learning process. In
social networks, for instance, users often have profiles and other attributes that provide rich
contextual information beyond the simple link structure. By incorporating this auxiliary
information, or “attributes,” into the representation learning process, we can obtain more accurate
representations of the nodes in the network. Additionally, node property information, such as
paper meta-data in an academic citation network or user profile in an online social network,
can be used to measure node similarity and should be integrated with topology-based embedding
methods to achieve better performance. For example, in social networks, users with similar
interests may not have any mutual connections or friends, posing a challenge for topology-based
network embedding approaches to accurately capture their similarity based solely on their

351



S.AA. Ahmed and S. Savas

interests. Overall, incorporating these complementary sources of information into the network
embedding process can enhance our ability to model and analyze complex networks.

In this study, we propose an extension of the node2vec method, called Node2vec Attributed
Network Embedding (NANE), that allows efficient leverage of a network’s structural
properties and the diverse content present in the nodes to learn network embeddings. The
proposed approach aims to map the network onto a low-dimensional space that effectively
catches the interaction between the two sources of information. Thus, as more information is
incorporated into the framework, we demonstrate that the proposed network embedding
methods outperform traditional methods that only consider network structure. Our study
includes experimental results that validate the effectiveness of our proposed approaches in
capturing a broader range of informative network features, resulting in more accurate and
efficient downstream analysis tasks.

The rest of this article is structured in the following manner: Section 2 provides an overview
of the studies conducted on network representation learning. Section 3 introduces the problem
of attributed network embedding and provides an exposition of the notations employed in this
article and details of the proposed algorithm, NANE. The results of the experiments are
presented in Section 4 and discussed in Section 5. Finally, Section 6 concludes the article and
explores potential future research directions.

RELATED WORK

Network representations were initially investigated in the field of graph kernels [19] but have
since evolved into a distinct field with a wide range of applications in the field of network
analysis and classification tasks [5]. The research on NRL field has recently expanded in three
main directions: approaches based on matrix factorization, random walks, and deep learning.

Matrix factorization is a useful method for decomposing a matrix into smaller (lower-dimensional)
matrices [20]. The node similarity is represented as a matrix and factorized to obtain the node
representation. Matrix factorization methods may be used on various graph representations
such as GraRep [21] and HOPE [22], optimized for many use cases, including estimating
proximity matrix [23] or direct decomposition of the network adjacency matrix [24], and
effectively applied to spectral clustering [25], and data compression [26]. Within matrix
factorization embedding, the factorization process is the most intensive part of the embedding
process. The computation and memory usage demand increase with the size of the network.
Hence, these models are challenging to extend for large-scale networks due to their high
computational complexity and memory usage costs.

Due to the limitations of the matrix factorization technique, a new strategy based on random
walks [27] was developed to maintain structural and local neighborhoods of nodes. The core
concept is to optimize the likelihood of observing a node’s neighborhood given its
representation, which is inspired by the Skip-gram model of word2vec [13, 28], a technique
widely utilized in NLP applications. DeepWalk and node2vec are two pioneer random walk-
based embedding approaches. DeepWalk uses truncated unbiased random walks on the
network to produce node sequences that approximate sentences in natural language and then
learn the node representation using a skip-gram architecture. Node2vec also uses random walks
strategy to produce node sequences but incorporates a trade-off between breath-first-search
(BFS) and depth-first search (DFS) strategies to guide the walks and generate more meaningful
node embeddings [8]. Similarly, other techniques employ shallow neural network architecture
to learn embeddings in an unsupervised scenario using a context generation mechanism:
VERSE [29] by incorporating similarity information, struc2vec by incorporating structural
similarity metrics, or via anonymous random walks.

Deep learning has evolved into a robust framework that has been effectively utilized in a variety
of research areas, including image recognition and classification, recommendation systems,
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bioinformatics, etc. Recent advancements in deep learning have given rise to a new field of
research using neural networks to analyze network data.

Kipf and Welling [30] initially introduced the concept of a Graph Convolutional Network
(GCN). To extract structural information from neighbors of nodes, they created a localized
first-order approximation of the spectral graph convolution operator. Many Graphs Neural
Networks (GNN) models have been created because of GCN’s proposal. They aim to improve
aspects by adding sampling techniques [10, 31], introducing an attention mechanism [32], or
using a gate mechanism [33]. GNNs can efficiently incorporate node attributes with structural
information than matrix factorization and random walk-based embedding models. However,
the requirement for node labels and attributes makes GNNs difficult to apply to homogenous
networks without them.

Most current network embedding methods use only topology structures for generating node
representations, with the aim of ensuring that nodes with strong structural similarities are
mapped closely together in the resulting low dimensional area. The network structure is usually
characterized by high levels of noise, sparsity, and a lack of informative features that can
effectively capture node similarity. Therefore, relying solely on structure-based embedding
algorithms may not produce node representations of high-quality that are suitable for network
analysis applications. Besides depending on the network structure for network embedding,
node attributes can also be incorporated to effectively measure similarity at the node content
level, thereby enhancing the quality of network embedding.

The Text-Associated DeepWalk (TADW) [34] technique represents a preliminary effort to
leverage node text features in network embedding, utilizing a matrix factorization framework
to incorporate these textual attributes. Nonetheless, TADW is subject to two restrictions.
Firstly, the matrix factorization process is time and memory-intensive, making it unsuitable for
scaling up to larger networks. Secondly, TADW exclusively focuses on the textual data related
to each node, which limits its ability to handle a wide range of node properties. Homophily,
Structure, and Content Augmented (HSCA) [35] technique is an improved version of TADW
that aims to address some of its limitations. Specifically, HSCA builds upon the first-order
proximity of the network used in TADW and introduces a new regularization term to better
capture the structural information of the network. By incorporating both the text features and
the structural information of the network, HSCA provides a more comprehensive
representation of the network that can be applied to a wider range of tasks. The Accelerated
attributed Network Embedding (AANE) [36] offers a solution to incorporate node attribute
proximity into network embedding through a process of breaking down the intricate modeling
and optimization tasks into several sub-problems. This approach facilitates the distributed
execution of joint learning tasks. Many of the techniques extract attribute embeddings
independently and then combine them with structural embeddings to obtain the final vector
representation. As a result, there is a need for more efficient and generalizable approaches to
incorporate node properties into the network embedding process.

This study aims to learn meaningful node embeddings by leveraging the collaborative
information contained in both network topology and node attributes. The findings of this study
show that node embedding techniques, which incorporate additional information, outperform
algorithms that solely preserve network structure.

PROPOSED METHOD
PROBLEM DEFINITION

An attributed network G = (V, E, X) is a network consisting of a set of nodes V, a set of edges
E, and a set of attributes X associated with each node. Here, V = {v;, v,, ..., v, } is the set of
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nodes in in the G network. The attributes X represent the properties or characteristics of each
node in the network. In this matrix, each row represents the attributes values of a particular
node, indexed as v;.

Attributed network embedding aims to effectively capture the complex relationship between
the topological structure of the network and the attributes of its nodes, and to represent them in
a low-dimensional space in a way that preserves the important information about the
network [37]. To be useful for downstream tasks, the embeddings obtained through attributed
network embedding should meet three criteria. Firstly, they should be of low dimensionality
(d << |V], where the size of the embedding vector (d) is much smaller than the total number of
nodes in the network (|/]). Secondly, they should retain the original network structure, meaning
the connections between nodes should be maintained in the embedded space. Finally, they
should also preserve the attributes associated with each node, so that the learned embeddings
reflect both the structural and attribute-related information of the network.

NODE2VEC

The task of mapping nodes in a network to a low-dimensional feature space that captures the
essence of their relationships is a critical component of network analysis [5]. In recent years,
the node2vec algorithm has emerged as a popular approach for achieving this goal. By
leveraging Skip-gram, which has been extensively used in NLP tasks, node2vec enables the
generation of representations that encode rich information about network structure, including
community structure and homophily. It includes a process of learning a mapping that projects
nodes onto a low-dimensional feature space. The objective of this mapping is to optimize the
preservation of the network neighborhoods of the nodes. The node2vec algorithm uses biased
random walks to efficiently explore a node’s network neighborhood. These random walks are
guided by a set of transition probabilities that balance the trade-off between local and global
exploration of the network. The objective function defined for node2vec is given in Equation (1).

max yey log PIN(@) | f(v))- (1)

Here, v represents a given node within a network, while N(v) denotes the neighborhood of
node v that is generated by the applied sampling strategy. The function f (v) represents the
learned embedding of node u, which is a low-dimensional feature representation that captures
relevant information about the node in the network. Assuming conditional independence, the
probability P(N(v) | f(v)) can be computed as follows:

P(NW) | f(v)) = [lxienqwy P(xi | F(v)). 2)
The probability P(x; | f(v)) is represented using a softmax function in the given context:
_ _ exp(f(x)-f()
POl SO =5 o vorran ®)

The node2vec algorithm is structured into three essential phases: preparation, walk modeling,
and optimization. In the preparation phase, the calculation of transition probabilities is carried
out using the parameters p and q. In the modeling of the walks phase, r random biased walks
are performed for each node. The optimization phase aims to maximize the objective function
outlined in Equation 1 using stochastic gradient descent. As a result of this optimization, the
outcome is represented by f, an embedding of size d for each node. Figure 1 provides a visual
representation of the node embedding process employed by node2vec.

The process begins by creating sequences of random walks from an original network, which
are then used to learn node feature representations through the implementation of the
Skip-gram model. The resulting node embedding features can be used efficiently for a variety
of network analysis tasks.
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Figure 1. Node2vec embedding process.

THE NANE MODEL - NODE2VEC ATTRIBUTED NETWORK EMBEDDING

Real-world networks contain a significant amount of attribute information. However, general
network embedding algorithms, such as node2vec, do not utilize such valuable information
(node attributes), but instead only rely on the network structure. To address this issue, we
propose an extension of the node2vec algorithm, called Node2vec Attributed Network
Embedding (NANE), that integrates both structural and attribute information into the network
embedding process.

Node2vec generates a random walk (rw) as a sequence of nodes, where each node is
represented by an identifier, denoted as rw = {v;, v,, ..., v;}. However, in real-world networks,
nodes often come with rich attribute information, that is currently not considered in the standard
node2vec approach and that can improve the quality of network embeddings. To address this
limitation, we propose a modification to the node2vec algorithm that incorporates node
attributes into the random walk representation. Specifically, we suggest that each node in the
random walk be represented by a feature vector rather than an identifier. Therefore, a random
walk is still defined as a sequence of nodes, but the nodes are now represented by their
corresponding feature vectors. We denote this modified representation as rw = {6(v;),
6(vy), ..., 8(v;)}, where 8(v;) refers to the feature vector that corresponds to the node v;.

The purpose of including attribute information in the random walks is to ensure that nodes that
frequently share the same attributes will have embeddings that are more closely related to each
other, as compared to nodes that possess dissimilar attributes. By incorporating node attributes
into random walks, the Skip-gram method enriches the training process with attribute
information. Consequently, the proposed approach allows for integrating structural and
attribute data, Figure 2.

PARAMETER SETTINGS

In our study, we established the hyperparameters for NANE as follows: 25 random walks per
node, a walk length of 15, and window size of 5. Default parameters as reported were utilized
for all baselines. Additionally, we fixed the dimensionality of learned node representations (d)
at 64 for all the algorithms in our experiments.
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Figure 2. Framework of NANE.

RESULTS

In this section, we present a detailed description of the datasets and basic methods employed
in our study. We conducted tests on real-world datasets and examined the performance of our
approach on two fundamental tasks in network analysis, namely node classification and link
prediction. The results of these tests provide valuable insights into whether the generated
embeddings effectively leverage node attribute information to improve the accuracy of these tasks.

BENCHMARK NETWORKS

Cora dataset is comprised of 2 708 papers on the topic of ML, which are categorized into seven
distinct classes. Additionally, there exist 5 429 links between the papers which represent the
citations made between them. Each paper is characterized by a binary vector consisting of 1433
dimensions, indicating whether the corresponding word is present in the document [37].

Citeseer dataset comprises of 3 312 publications that belong to six different classes and are
connected by 4 732 citation links. As with the Cora dataset, the links between the papers in
Citeseer also represent citation relationships. Each paper in Citeseer is represented by a
binary vector of 3 703 dimensions, which indicates the presence or absence of words in the
document [38]. The Cora and Citeseer datasets are publicly available at the address
https://snap.stanford.edu/data/index.html.

Table 1. Statistics of the two citation networks used in experiments.

# Nodes # Edges # Features # Classes
Cora 2708 5429 1433 7
Citeseer 3312 4732 3703 6

BASELINE METHODS

DeepWalk is a well-known network embedding algorithm that uses structural information to
learn node representations. During the node embedding process, it treats nodes as words and
truncated random walks as sentences. To examine the random walks, DeepWalk relies on the
word2vec algorithm for word embedding.

LINE is a commonly used method for network embedding that only considers the topology of
the network. The algorithm learns two types of node representations independently by sampling
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the first order (local) and second order (global) neighbors of each node. These two types of
representations are then combined to produce the final embedding for each node.

Node2vec is a method that builds upon the DeepWalk algorithm. Unlike DeepWalk, which
utilizes unbiased random walks to explore the graph structure, Node2vec employs biased
random walks that are guided by two extra parameters (p and q) to simulate either breadth-first
search (BFS) or depth-first search (DFS) around a node’s neighborhood.

TADW is an algorithm that integrates both structural and content information to generate node
embeddings. The method incorporates a process of matrix factorization to embed the text
features of each node.

NODE CLASSIFICATION

Node classification is a well-known network-based problem that involves assigning nodes to
specific categories based on an algorithm that relies on information extraction and
analysis [18]. The quality of the node representations is commonly validated through this
process. Node classification aims to accurately categorize nodes based on a given set of labels.
To assess the efficacy of each method, the study produced three distinct train-test sets for each
method, with each set progressively increasing the training data by 10%, starting from 70%.
The classification model adopted logistic regression as the primary classifier, and the
performance of the classification model was measured using the F1l-score metric, which
balances the trade-off between recall and precision. To implement the classification model, the
scikit-learn library was utilized. In this study, we analyze the performance of our proposed
NANE method for node classification tasks against other existing state-of-the-art methods on
Cora and Citeseer networks. Each node in these networks has a pre-defined attribute vector of
1433 and 3 703 dimensions, respectively. This attribute information was first used to calculate
similarity values using three different similarity measurement methods (Jaccard, Cosine, and
Euclidean) and then incorporated into the random walk model. Tables 2 and 3 summarize the
results obtained from the Cora and Citeseer networks. The proposed NANE model performs
better than other methods in different similarity measurements. TADW, on the other hand,
demonstrates the second-best performance due to its ability to leverage a network’s structural
information and its nodes’ attributes. However, TADW’s effectiveness may not be as
pronounced as the node representations learned by NANE because it only considers node text
features and incorporates them into the embedding process under the matrix factorization
framework. This highlights the importance of preserving diverse feature types rather than just
relying on a single feature type, mainly when using node content for NRL. Moreover, TADW
is associated with high computational and storage costs, and in some cases, employing it may
not be feasible as it necessitates matrix factorization. The NANE model exhibits superior
performance compared to other similarity measures when used in conjunction with Jaccard
similarity. This can be attributed to the fact that Jaccard similarity is based on the total number
of elements in the intersection of the two vectors (|x N y|), which underlies its success.

Table 2. Node classification accuracy (%) on Cora.

(Train — Test) percentage

Method (70-30) % | (80-20) % | (90-10) %
DeepWalk 83,1 83,3 83,1
node2vec 84 84,1 84,1
LINE 77 77,5 77,1
TADW 87,6 87,7 87,4
Cosine 88 88,1 88,2
NANE | Jaccard 88,2 88.4 88,2
Euclidean 87,1 87,6 87,3
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Table 3. Node classification accuracy on Citeseer.

(Train — Test) percentage
Method (70-30) % | (80-20) % | (90-10) %
DeepWalk 432 432 43
node2vec 69.8 70 70,1
LINE 56,7 57 56,9
TADW 71 71,1 71
Cosine 71,9 72 71,9
NANE | Jaccard 72 72.2 72,1
Euclidean 71,6 71,8 71,8

LINK PREDICTION

Link prediction involves predicting the creation of new connections in a network [24]. In this
task, some of the current links within the network are eliminated, and the node pairs belonging
to these eliminated links are regarded as positive samples. An equal number of node pairs that
are not connected are randomly sampled to form negative samples, thus ensuring a balanced
dataset. Finally, various methods are used to learn the node representation vectors, which are
then used to predict the likelihood of future connections. In this study, the performance of the
proposed approach NANE has been comparatively evaluated against DeepWalk, node2vec,
LINE, and TADW feature learning algorithms on both Cora and Citeseer datasets. To evaluate
the performance of the link prediction task, the node representations are learned on the
remaining network (90%) after removing a set (10%) of positive and negative links from the
original network. Logistic Regression is used as the classification method, and Area Under
Curve (AUC) metric is used as the accuracy measure. Table 4 displays the results of our
experimental analysis.

As shown in Table 4 our proposed method, NANE, outperforms all other algorithms. It is
noteworthy that NANE exhibits a superior AUC score compared to structure-based embedding
approaches such as DeepWalk, node2vec, and LINE. Specifically, the NANE method shows a
significant improvement in the AUC score in Cora and Citeseer datasets by 2% and 3%,
respectively, when compared to TADW. These findings indicate that NANE is an effective
method for acquiring superior quality node representation vectors, which is crucial for accurate
link prediction tasks.

Table 4. Link prediction performance on two citation networks.

Methods Cora | Citeseer
DeepWalk 85 83,6
node2vec 87,4 85,2
LINE 85,6 79,1
TADW 89,7 86,5

Cosine 91,7 89,5
NANE | Jaccard 91.8 89.7
Euclidean | 90,1 &9

DISCUSSION

Capturing various hidden features of the original network in the embedding space makes NRL
difficult. If the output embedding fails to capture the internal features adequately, it may result
in suboptimal performance in various prediction tasks. Generalizing node embeddings for all
prediction tasks using a single piece of information may not always be feasible. For instance,
while struc2vec exhibits excellent performance in predicting structural similarity, DeepWalk
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is better suited for predicting homophily. Some methods can create high-quality node
embeddings by utilizing multiple network information, but they will be complex and require
higher computational power. Table 5 summarizes the node classification accuracy of six diverse
studies (node embedding methods), each considering various features, with our proposed NANE
model on the Cora dataset. Accuracy values of other methods are taken from original studies.

According to Table 5, methods based on matrix factorization exhibit lower accuracy scores in
comparison to other approaches. Additionally, these methods are computationally and spatially
costly as they necessitate matrix factorization of the adjacency/similarity matrix and are limited
to processing large network data. Despite integrating topology, attribute, and label information
into the node embedding process, the DMF approach shows lower performance compared to
other methods in a different category. This could be attributed to the use of fixed parameters
during the optimization phase, which may not be optimal for the Cora dataset. The GAT model
outperforms matrix factorization-based methods due to its attention mechanism that considers
the importance of different neighboring nodes. The results listed in Table 5 indicate that the
GCN-LPA model is the best-performing approach. This can be attributed to the model’s ability
to better integrate structural and node attribute information with node label information during
the optimization phase. However, the need for node attribute and label information presents a
challenge for applying deep learning approaches to homogeneous networks without such
information. In general, the results indicate that random-walk-based methods (GW, GERI, and
NANE) exhibit superior performance due to their ability to capture contextual information in
networks. Additionally, this success can be attributed to the advantages of BFS and DFS
strategies, which can capture both local and global information of nodes through random walks.

Table 5. The performance results of models for node classification task on the Cora dataset.

Methods Categories Topology | Attribute | Label | Accuracy
G];T/I{;p[ 2%]1 ] Matrix Factorization ‘\: 7 7 23:2?
GAT [32] Deep Learning v v v 83,0+0,7
GCN-LPA [40] v v v | 885+1,5
GW [41] v v 84
GERI [42] Random Walks v v v 87
NANE (our method) v v 88,4

CONCLUSION

Network representation learning is a challenging task that requires capturing various hidden
features of the original network in the embedding space. The success of different node
embedding methods depends on their ability to capture contextual information in networks,
integrate structural and node attribute information with node label information, and utilize
multiple network information. In this study, we present a novel extension of the node2vec
algorithm called Node2vec Attributed Network Embedding (NANE). The proposed method
integrates network topology and node attributes to generate network embeddings that
effectively capture the interaction between these two sources of information in a low-
dimensional space. Our approach aims to create a powerful method to map the network onto a
lower-dimensional space, which can accurately represent the network’s information. Our real-
world datasets experiments demonstrate the NANE algorithm’s superiority over traditional
network embedding methods in various tasks, including node classification and link prediction.
These results provide strong empirical evidence that NANE is a promising technique for
creating network embeddings considering the network’s topology and node attributes. As a
future work, a way can be explored to assess the effectiveness of the proposed method on
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large-scale network data, thereby substantially enhancing its efficiency. Additionally, ensuring
that the proposed method is adaptable to weighted and directed networks could increase its
utility and applicability in real-world scenarios.
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