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Abstract
In many real-world datasets, different aspects of information are combined, so the data is
usually represented as heterogeneous graphs whose nodes and edges have different types.
Learning representations in heterogeneous networks is one of the most important topics that
can be utilized to extract important details from the networks with the embedding methods.
In this paper, we introduce a new framework for embedding heterogeneous graphs. Our
model relies on weighted heterogeneous networks with star structures that take structural
and attributive similarity into account as well as semantic knowledge. The target nodes form
the center of the star and the different attributes of the target nodes form the points of the
star. The edge weights are calculated based on three aspects, including the natural language
processing in texts, the relationship between different attributes of the dataset and the co-
occurrence of each attribute pair in target nodes. We strengthen the similarities between the
target nodes by examining the latent connections between the attribute nodes. We find these
indirect connections by considering the approximate shortest path between the attributes. By
applying the side effect of the star components to the central component, the heterogeneous
network is reduced to a homogeneous graph with enhanced similarities. Thus, we can embed
this homogeneous graph to capture the similar target nodes. We evaluate our framework for
the clustering task and show that our method is more accurate than previous unsupervised
algorithms for real-world datasets.
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List of symbols
Sets
N Target set
Ai Information set
M Main attribute set
R Relational attribute set
T Textual attribute set
C Clustered set

Text embedding symbols
t j Text object
�t j Word vector of t j
�tej Embedded vector of t j−−→
BERT(.) BERT embedding function
TF(.) Rank weighted density function
m j Number of elements of t j
t ji i-th word of vector �t j
x j
ih h-th element of

−−→
BERT(t ji )

B
j
h h-th element of �tej

D Feature space size
�(.) Term frequency in target set
H(.) Term frequency in feature space
L(.) Text length

Graph Symbol
G = (V,E,W) Star heterogeneous graph
Gc = (Vc,Ec,W) Core graph
Gi

s = (Vi
s,E

i
s,W) Mi shell graph

Gc = (Vc,Ec,W) Homogeneous core graph
VN Vertex of target set
VM Vertex of main attribute set
EI Internal link set
EO External link set
dxy Euclidean distance of x, y
wR(., .) Relational weight
wT(., .) Textual weight
wJ(., .) Joint presence weight
w(., .) Total weight
p(Mi ) Mi−path
ρ〈., p(Mi ), .〉 Mi auxiliary path
ρi 〈., .〉 Mi shortest path
R(G) Remapped graph
π(.) Remapped function
W (.),W (.) Path weight function
H Spanner graph

Parameters
Pi = {ci , σi , κi } Truncation parameters
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α = {αR, αT, αJ} Weighting coefficients
βi Main attribute impact factor
θi Scaling parameter
μi Spanner parameter

Operator
N Normalization operator

1 Introduction

Formost datasets, a graph structure can be used to represent the entities and their relationships
as nodes and edges, respectively. For example, datasets about social networks [1], traffic
networks [2], citation networks [3] and so on. The graph is homogeneous if it contains only
one type of node and one type of edge. But, in many real-world datasets, different aspects of
information are combined, and the data tend to be presented as a heterogeneous graph [4],
whose nodes and edges have various types. Heterogeneous information networks (HINs) are
used in many data mining tasks due to the comprehensive information and rich semantics
they have. Taking the citation network dataset illustrated in Fig.1, as an example of HIN,
it contains four types of nodes (paper, author, keyword and venue) and four types of edges
(write, cite, belongs to and published by). Based on the purpose of the study, this graph can
be interpreted as directed or undirected.

The effective analysis of heterogeneous graphs can reveal hidden information contained
in them by employing both graph-based methods [5] and graph embedding techniques [6].
The knowledge discovered can be used in useful applications such as node clustering, node
classification, link prediction and so forth.

In studying some datasets, in addition to the structural relations of graphs, some auxiliary-
rich information such as label, attribute, information propagation and node feature can be
added to the graphs to incorporate topological and unstructured information together [6].
One of the challenges is how to integrate these two sources of information, so that the

Fig. 1 Citation network as an
example of the heterogeneous
graph. In this network, we have
four types of nodes (paper,
author, keyword and venue) and
four types of edges (w = an
author writes a paper, c = a paper
cites another paper, b = a
keyword belongs to a paper, and
p = a paper published by a
venue)
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concept of similarity of nodes is preserved. In most previous studies, heterogeneous graphs
were considered based solely on the pre-defined structures, and many of the benefits of the
other available information in the dataset have been ignored [7–9]. Even if they used this
information in their embedding, the semantic knowledge and latent connections which exists
between nodes have not been used to reinforce their graphic structure [5, 6, 10, 11].

To overcome the above limitations, we propose a new framework for Similarity Enhance-
ment of Heterogeneous Networks by weighted incorporation of information, which we call
SEHN. This framework ensures global consistency between the different types of objects in
the datasets by using both structural and semantic knowledge. In this framework, a weighted
and undirected star-structure heterogeneous network is constructed with target objects as the
center, some natural language processing (NLP) methods are applied to discover the seman-
tic connections of the text attributes of the heterogeneous graph and indirect connections
extracted by finding some paths between the attributes improve the structure of the networks.
Thus, using this reformed network, we can cluster similar target nodes into coherent and
diverse sets, even without training labels.

In summary, we present the following contributions:

(1) We introduce SEHN framework to cluster similar objects in a dataset through an unsu-
pervised method. In SEHN, we construct a star-structure heterogeneous graph based on
incorporating structural and attribute similarity as well as semantical knowledge.

(2) For semantic analysis of textual contents, we apply an embedding method that relies on a
combination of rank-weighted term frequency density and a pre-trained language model
to ignore the noise and obtain appropriate numerical vectors as representations of the
texts.

(3) Using auxiliary paths between attribute nodes as indirect connections, we perform edge
modification (re-weight, add, delete) in the heterogeneous graph to obtain a reduced and
improved homogeneous graph containing only the target points.

(4) We evaluate our method by node clustering task on three datasets, including IMDb,
DBLP and a real dataset we collected from the Twitter social network. Experiments on
these datasets show that our framework performs better than the previous unsupervised
methods.

2 Related works

Researchers have considered unsupervised clustering methods in the past, which has led
to several clustering methods [12, 13]. Clustering involves dividing some unlabeled data
points into a set of clusters, so that the data points in the same cluster are more similar
to each other than those in other clusters. Clustering on texts is very useful for improving
retrieval and supporting browsing [14]. To prepare text domains for clustering algorithms,
traditionalmethods such asweighted text representation [15] andword embeddingpre-trained
models [16] have been used extensively. Recently, Bidirectional Encoder Representations
from Transformers (BERT) text embedding model [17] received some attention due to its
consideration of the context of a target word. This obtains representations of a word that have
a better match to the specific meaning of the word in different sentences. Some researchers
have shown that effective representation can improve performance in clustering text [18, 19].

In addition to text clustering, the clustering approach can be applied to various data
types as well as various attributes of a dataset. Many of the classic methods that have been
studied in the last few decades, including k-means [20] and spectral clustering [21], are
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dependent on features of data points. These methods cannot use the relationships between
data points. Some other methods, utilizing relationships between data, cluster the nodes by
network embedding. Network embedding is a representation framework for projecting a
graph into a low-dimensional space. Some random walk embedding methods like node2vec
[22] and DeepWalk [23] have gained attention due to their success in natural language
processing. DeepWalk, for instance, uses short random walks and skip-grams to represent
nodes. Matrix factorization methods such as Laplacian matrix [24] and BoostNE [25] can
also be used to embed networks by factorizing node connectivity matrix to low-rank based on
matrix approximation strategies. Moreover, graph neural network (GNN) method, as a deep
representation learning method, also can embed the networks based on node features and
the graph structure. Graph convolutional network (GCN) [26] and graph attention network
(GAT) [27] are two graph embeddingmethods, leverage convolutional operation and attention
mechanism, respectively.

Graph-based clusteringmethods, also known as community detection algorithms, are pop-
ular clustering methods that utilize the relationships among entities. These methods usually
divide the main graph into a series (overlapping or non-overlapping) subgraphs by defining
some measures like modularity [28], motif patterns [29] and ego-nets local structure [30].
The EdMot method [29] builds a motif-based hypergraph and partitions the top largest con-
nected components into modules using a motif-based approach. Enhanced module edges and
rewiring strengthen the original network’s connectivity. Ego-splitting [30] is a scalable and
flexible framework, which uses ego-nets (the subgraph induced by the neighborhood of each
node) as guidance to determine overlapping clusters. Recently, a new method has been pro-
posed based on both embedding and community detection simultaneously named GEMSEC
[31]. This method tries to take advantage of both techniques. Deep learning-based meth-
ods have also been proposed to solve the clustering problem, among them CDDTA [32] and
CommunityGAN [33] can be mentioned, which are based on deep transitive autoencoder and
generative adversarial nets, respectively. A survey of categorizing the different community
detection algorithms in the healthcare applications can be read in [34].

While all the methods mentioned above are designed for homogeneous graphs, they are
not efficient when dealing with heterogeneous information networks (HINs). Therefore, the
study of HINs has gained increasing attention in recent years due to their ability to model
datasets with two types of information, including node attributes and network structure [35,
36]. One of the basic methods for clustering this type of graph is RankClus [37], in which a
high-quality net-cluster is built by utilizing links acrossmulti-typed objects and in an iterative
method the links are enhanced to achieve effective ranking-based clustering. This method
only considers structural properties and not the attributes of the nodes. Some methods are
based on graph representation learning. Metapaths are the fundamental concept behind most
embedding methods for heterogeneous graphs, such as metapath2vec [7] and HIN2vec [8].
A metapath is a pattern composed of a set of node types and edge types of a heterogeneous
network. The hybrid relationship between the different types of nodes in the network is
depicted by this pattern. By embedding heterogeneous graphs, it is possible to check some
applications on them. For example in [35], node classification and node clustering tasks
considered and in [38] a new method for recommendation based on embedding spectral
clustering in heterogeneous networks has been discussed.

All of the above methods do not exploit the content features of nodes, but semi-supervised
methods [39], such as HAN [35], MAGNN [11] and MeGNN [40] based on neural graph
networks, have been recently proposed to improve them. HAN has used the attention mecha-
nism in the construction of its network andMAGNNgenerates node properties from semantic
information and improves community discovery results by simultaneously considering this
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information and network topology. Recently, an embedding method for complex heteroge-
neous networks has also been proposed [10], generalizing higher-order spectral clustering by
considering the graphlet concept for heterogeneous networks. However, many of the meth-
ods used to study clustering in heterogeneous graphs were semi-supervised or evaluated only
structural similarity [9, 41].

Despite clustering in HINs has been studied in the literature, finding a unified distance
measure that captures both structural and attributive similarity, which is useful for unsuper-
vised clustering, has not beenwell studied.We developed ourmethod based on this limitation.
We propose a graph-based method to find a general distance measure that takes into account
both topological and attributive information while benefiting from the advantage of NLP
methods to strengthen this similarity distance.

3 Methodology

We present a new framework for unsupervised clustering of a dataset in this section. Assume
that the dataset has a set of target objects N = {N1, · · · , Nn}, each of which has at most 	

attributes represented in information sets ∪	
i=1Ai . Indeed, the information set Ai contains

the value of the i-th attribute of all target objects. In particular, we can divide Ai ’s into three
attribute type sets:

• Main attribute set (M) Includes attributes that are about the main objects of the
dataset. In a citation network, for instance, if “paper” is the target object, M =
{“keyword”,“author”,“venue”}

• Relational attribute set (R) Includes attributes that describe the relations between two
main attributes of the same type. For example, “one paper cited by another paper”.

• Textual attribute set (T) Includes attributes whose content is text and it is related to one
main attribute. For example, “abstract of a paper”.

The goal of our framework is to use a combination of the given attributes to categorize the
target setN into coherent and diverse sets ofC = {C1, · · · ,Ck}.More precisely, the proposed
framework can be divided into four main parts:

(1) Processing textual informationWeperform some preprocessing operations on the content
of the textual attributes which contain some sentences, and embed the processed texts in
a quantitative space.

(2) Construction of a heterogeneous graphWe construct a heterogeneous graph with the star
structure, where the target objects act as central nodes and the values of main attributes
act as star nodes. Members of the target nodes as well as members of each main attribute
type can be connected through internal links. External links are created between target
nodes and main attribute nodes.

(3) Reduction of a heterogeneous graphWe convert the heterogeneous graph into a homoge-
neous graph as a single layer graph by applying some reduction methods. These methods
work in such a way that the side effects of the information of all attributes can be seen in
one main layer.

(4) Graph partitioningWe embed the homogeneous graph and obtain non-overlapping clus-
ters.

For example, taking a Twitter dataset as input to our framework, we can encounter three
sub-data, which include the tweets/retweets (T ), the hashtags of these posts (H ) and the users
(U ) who tweet or retweet them in a given period of time. Here, we can consider tweet/retweet
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Fig. 2 Overview of our framework for a Twitter dataset. In the first stage, the textual contents of the tweets are
converted into quantitative vectors, which are fed to the second stage along with information about hashtags
and users. The hashtag–tweet–user (three-layer) heterogeneous graph is constructed in stage 2. Based on
the similarity of the texts, the internal links are created in the tweet layer. The internal links of each main
attribute are also shown in its layer. The red, blue and black edges between the layers represent tweet–hashtag,
tweet–user and retweet–user external links, respectively. Considering the effect of hashtag and user layers, the
heterogeneous graph reduces to a homogeneous graph with tweet nodes. Embedding the homogeneous graph
and partitioning is the last phase

as the target object, which has two main attributes as “hashtag” and “user” and one textual
attribute as “text of tweet/retweet”. So, first, we do text processing on the texts and then
construct the heterogeneous graph using T as central nodes and sets of H and U as star
nodes. According to the dataset, external links between T and two sets of H and U are
created. By considering the distances between the embedded vectors of the text of the tweets,
some internal links between the nodes of T are added to improve the connectivity between
similar tweets. Moreover, by defining a new criterion, some internal links between hashtag
nodes as well as user nodes are created. By integrating these three layers, a homogeneous
graph is obtained. The graph embedding is applied to the enhanced homogeneous graph,
and diverse categories are derived. Figure2 indicates the overview of the framework for
this dataset. If we have more than two main attributes, the three-layer graph of this figure
becomes a star-structure heterogeneous graph. In the following, each part of our framework
is explained in detail.

3.1 Text processing

Given a textual attribute T = {t1, t2, · · · , tn} about n target objects of a dataset. Since
textual attributes are usually short and contain slang and misspellings, all texts must first be
preprocessed. At this stage, each text is tokenized, the stemming operation is performed, and
then punctuation, stop words and links (url) are removed. Thus, for text t j , a word vector �t j
is obtained as follows

�t j = [t j1 , . . . , t jm j ], j ∈ {1, . . . , n}, (1)

where m j is the number of terms resulting from the preprocessing of the text t j and t
j
i is i-th

word of preprocessed vector.

Feature vector construction After preprocessing, to calculate the conceptual similarity
between different texts, a discriminative feature vector is created for each text. For this
purpose, first the contextualized word embedding from BERT [17] is used and thus each
term of the texts is mapped to a 768-dimensional space. So, for the i-th term of the text t j ,
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the following vector is calculated

−−→
BERT(t ji ) = [x j

i1, . . . , x
j
id ], i ∈ {1, . . . ,m j }, (2)

where d = 768 and x j
h is h-th elements of embedding vector of word t ji . Moreover, exploiting

the TF (term frequency) concept, a rank-weighted density is defined for each term t ji . This
concept considers the importance of each word based on measures such as its repetition in
the entire dataset, its repetition in a particular text and its size, etc. This weighting function
can be calculated using the following formula for i ∈ {1, . . . ,m j } [42]

TF(t ji ) = max

⎛
⎜⎜⎝0,

�(t ji ) × log

( √
D

H(t ji )

)

log
[(∑n

i=1 �(t ji )
2
)

×
(
L( j)2√

D

)]

⎞
⎟⎟⎠ , (3)

where �(t ji ) is the frequency of the term t ji in text t j , D is the total number of distinct terms
in the pre-procedured textual attribute set T (known as the size of the feature space) and
H(t ji ) is the total number of the term t ji in the feature space. L( j) is the length of the texts

t j , measured as the number of distinct terms in �t j . In TF(t ji ), in addition to the number of
repetitions of a term in the text t j , the ratio of the frequencies of this term and distinct terms
in the feature space as well as the ratio of the number of distinct terms in t j to the number
of distinctive terms in set T, are involved to influence the weight of a term based on the
number of missing terms in t j . Text lengths are usually much shorter than the dimensionality
of feature spaces, so in order to apply soft normalization, the frequency T and the length of
t j are squared, while the size of the feature space is square root. [42]. This criterion will be
useful for detecting topic noise [1].

Finally, for text t j , the weighted mean (with nonnegative TFweights) of the d-dimensional
vectors of terms that belong to vector �t j , is taken as its feature vector. That is if we have

B
j
h =

∑m j
i=1

(
TF(t ji ) × (x j

ih)
)

∑m j
i=1 TF(t

j
i )

, h ∈ {1, . . . , d}, (4)

the feature vector (embedded vector) of t j is as follows

�tej = [B j
1, . . . ,B

j
d ], j ∈ {1, . . . , n}. (5)

Here, B j
h is the weighted average on i-th elements of embedded vectors of all the words in

text t j . So, instead of texts, we are dealing with a set of real-valued vectors and we can use
the capabilities of vector operations to continue the method. Figure3 is given to clarify the
process of embedding operation.

3.2 Heterogeneous graph construction

To overcome the content bottleneck of target objects and do the right mining, we use a het-
erogeneous data structure to model the problem. In this structure, the various extraneous
communications existing between entities in the dataset can be analyzed to gain more infor-
mation about the problem. This will enable us to guide and correlate similar target nodes
semantically and structurally. If the dataset has |M| types of main attributes for target objects,
we can build a star-structure heterogeneous graph by considering vertex set VN for target
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Fig. 3 Embedding processing
steps of text t j

Fig. 4 Star-structure
heterogeneous graph

set N, and |M| star components, each of which is associated with a main attribute. A formal
definition of the graph is as follows:

Definition 1 (Star-structure heterogeneous graph) A star-structure heterogeneous graph is
defined as a weighted and undirected graph G = (V,E,W), where V = {VN ∪VM} that VN
and VM = ∪VMi (i = 1, · · · , |M|), denote the vertex sets of target nodes and main attribute
nodes, respectively. The edge set E = {EI ∪ EO} contains EI as internal links and EO

as external links. Each internal edge belongs to one of the types of edges EI ⊆ VI × VI ,
where I ∈ {N,M1, · · ·M|M|} and each external edge belongs to one of the types of edges
EO ⊆ VN × VO , where O ∈ I\N. The edges are weighted by a special weight mapping
function. W : V2 → R

+ (Fig. 4).

Weightmapping functionWedefine here theweight of internal and external links separately.
− Internal links The weighted mean of the following three types of weights is the final
weight of internal links. With these weights, we determine the similarity between nodes
based on the direct connections that exist between them. For simplification, we set VN = V0
and VMi = Vi , assume nodes {x, y} ∈ Vi for i = 0, · · · , |Mi |, and Pi = {ci , σi , κi } as
positive truncation parameters.
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1. Relational weight (wR): If a relational attribute exists among x and y, then

wRi (x, y) = ci , (6)

where ci ∈ [0, 1] is a constant. Otherwise wRi (x, y) = 0. For example, there is no
relational attribute in the Twitter dataset, so for i = 0, 1 and 2 which are corresponding
to tweet, hashtag and user nodes, respectively, we have wRi (x, y) = 0.

2. Textual weight (wT): If x and y have textual attributes, then

wTi (x, y) = N(γi − dxy), (7)

where dxy = ||�tex − �tey || is the Euclidean norm and γi = max{x,y}∈Vi (dxy) and assume
notation N as normalization operator. Note that �tex and �tey obtained by Eq. (5). We assume
that if wTi (x, y) ≤ σi , then we set it equal to zero. For example, in the Twitter dataset,
the similarity between the text of the tweets can be used to determine the textual weights.
In the case of two texts that are more similar, the edge between them gets more weight,
and in the case of two texts that do not have similar meanings, there is no edge added
between them, so the edge’s weight is zero.

3. Joint presence weight (wJ): If {x, y} ∈ VMi , we define a similarity criterion that is
related to the degree of joint presence of x and y in the features of the target nodes as
bellow

wJi (x, y) = | fi (x, y)|
| fi (x, x) ∪ fi (y, y)| , (8)

where fi (x, y) = {v ∈ VN : {x, y} ⊆ Si (v)} and Si (v) represents the values of the Mi

attribute for target node v. If wJi (x, y) ≤ κi , then we set it equal to zero. For example,
in the Twitter dataset for two hashtags x and y, f1(x, y) represents the number of times
that both hashtags were seen simultaneously in the same tweet. When f1(x, y) is divided
by the total number of x and y presences in the feature space, wJ1(x, y) is obtained.
Additionally, if two hashtags appear in very few tweets simultaneously, their weight is
considered zero by κ1 truncation parameter.

Based on the aboveweights,we can define theweight of the internal edges as follows.Here,
the weighting coefficients are α = {αR, αT, αJ}, which are valued based on the importance
of each of the above weights such that

∑
r∈{R,T,J} αr = 1.

• (target−target): An edge is established between two target nodes x and y by weight

w(x, y) =
∑

r∈{R,T}
αrwri (x, y). (9)

• (main attribute−main attribute): An edge is established between two Mi attribute
nodes x and y, by weight

w(x, y) =
∑

r∈{R,T,J}
αrwri (x, y). (10)

− External links With w(x, y), the latent information contained in each attribute set and
target set were used to enhance the network. But in addition to the similarities that the nodes
of each category have to each other, the indirect connection between the nodes of different
sets can also help in strengthening the network as much as possible. For this reason, we can
use the external links. These links are related to the relationship between the target nodes and
the main attribute nodes. For example, in the network related to the Twitter dataset, external
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edges are added between the tweet and the hashtags that exist in it, just as external edges are
added between the tweet and the users who tweeted or retweeted it. We set the same weights
(usually the maximum value of the weight of the internal edges) to these links. Therefore,
the following links can be defined.

• (target−main attribute): An edge is established between target node x andMi attribute
node y, where y ∈ Si (x).

In this graph, using σi ’s and κi ’s parameters, the edges with low weight and therefore low
impact are not considered. By doing this, we do not encounter a dense graph for subsequent
calculations. Moreover, the upper bound defined in the following lemma can be applied to
wJ weights category. Utilizing this upper bound, there is no need to calculate the weight
of many edges whose upper bound is less than κi ’s. This significantly reduces computation
costs by shrinking the search space.

Lemma 1 If {x, y} ∈ VMi ,
minOD (x,y)

maxOD (x,y)
is an upper bound for wJi (x, y), where minOD(x, y)

and maxOD(x, y) indicated the minimum and maximum values between the external degrees
of nodes x and y in star-structure heterogeneous graph, respectively.

Proof for {x, y} ∈ VMi , | fi (x, y)| ≤ minOD(x, y) and | fi (x, x) ∪ fi (y, y)|) ≥ maxOD(x, y)

and so wJi (x, y) ≤ minOD (x,y)

maxOD (x,y)
. �


After creating the proposed heterogeneous graph, we use the connections between main
attribute nodes to strengthen the relationship between target nodes by applying their side
effects in a graph that only contains target nodes. So, we define a homogeneous graph with
one type of node as a reduced graph of the heterogeneous graph.

3.3 Homogeneous graph construction

To introduce the homogeneous graph, first, we define two types of subgraphs of our hetero-
geneous graph that are related to target nodes and main attribute nodes, respectively.

Definition 2 (Core Graph) Given a star-structure heterogeneous graph G = (V,E,W). The
core graph Gc = (Vc,Ec,W) is a subgraph of G that is obtained by considering only target
nodes and their internal weighted edges, e.i. Vc = {VN} and Ec ∈ VN × VN (Fig. 5a).

Definition 3 (Mi Shell Graph) Given a star-structure heterogeneous graph G = (V,E,W).
The Mi shell graph Gi

s = (Vi
s,E

i
s,W) is a subgraph of G on target nodes and Mi attribute

nodeswhile deleting the internal edges of target nodes, e.i.Vi
s = {VN∪VMi } andEi

s ⊆ E\Ec,
where Ec is the edge set of the core graph (Fig. 5b).

We use the shell graphs to identify indirect paths between two target nodes, which only
contain main attribute nodes as the middle nodes. Here, we define these path models formally
that are later used to update the edge weights of the core graph.

Definition 4 (Mi Auxiliary Path)TheMi auxiliary path, denoted byρ〈u, p(Mi ), v〉, is a path
in the Mi shell graph, connecting two target nodes u and v, where p(Mi ) is any Mi−path.
Mi−path means that only VMi are used along the path (Fig. 5c).
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Fig. 5 a Core graph, b Mi Shell graph, c Mi Auxiliary Path

Remapping shell graphs Due to the weights assigned to the edges, edges with a higher
weight show stronger correlations. So if there is a high weight path for two target nodes in
Mi shell graph, it indicates a strong connection via VMi between them. Here, for finding
these longest paths (since we have positive circles and this becomes the problem NP-hard
[43]), we solve instead the shortest path problem in a remapped graph by applying some
simple changes to the edge weight ofMi shell graph by the following similarity-to-distance
remapping function to obtain R(Gi

s) graph

π(w(x, y)) =
{
1 − N(w(x, y)) x, y ∈ VMi ,

|VMi | x ∈ VN, y ∈ VMi ,
(11)

where N(w(x, y)) indicates the normalized value of w(x, y) calculated from Eq. (10) and is
definitely between zero and one.

Lemma 2 The shortest path between two target nodes in R(Gi
s) is a Mi auxiliary path.

Proof According to Eq. (11), the weights of the edges between target nodes andMi attribute
nodes in R(Gi

s) are greater than the weight of the Hamiltonian path passing through all the
VMi nodes. So the shortest path cannot have more than two target-main attribute edges and
all middle nodes are from VMi , which is aMi auxiliary path. �

Finding (Approximate) shortest path For {x, y} ∈ VMi , we find the shortest paths through
R(Gi

s) graph for i = 1, · · · , |M|. If the number of edges in a shell graph is not in the order
of the number of its vertices (even after applying truncation parameters κi ’s and σi ’s), we
can compute the weight of the approximate shortest paths instead of the exact shortest paths.
For this purpose, we use the concept of spanner [44]. We apply a greedy method [45] with
parameter μi ≥ 1 on R(Gi

s) graph and create a subgraph with the number of edges of linear
order for it. So, the μi−approximate shortest paths can be found in the subgraph which is a
spanner ofR(Gi

s). In thismethod, the edges of graphR(Gi
s) are first sorted by non-decreasing

weight order in setL and a graphH = (Vi
s, {}) is considered. Then, for every edge e = [u, v]

inL, it is added toH if μi ×weight(e) < weight(PH(u, v)), where PH(u, v) is the shortest
path from u to v in graphH. So, a modified Dijkstra’s algorithm [46] can be used to find the
shortest path in graph H with O(|Vi

s |) edges. The shortest path between nodes u and v in
graph H is at most μi times the weight of the shortest path in graph R(Gi

s).
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Applying the side effects For two target nodes x and y, which are in the same connected
component ofR(Gi

s), assume thatW (ρi 〈x, y〉) is theweight of theMi−shortest path between
x and y in this graph. As mentioned before in the definition of Mi auxiliary path, here
Mi−shortest path is a path,which is obtained by removing the target nodes from the initial and
final edges of the shortest path. We apply the positive effect of the weight of theMi−shortest
path on the weight of the edge e = [x, y] in the core graph. For this purpose, the weight of
this edge is updated through the following formula and graph Gc = (Vc,Ec,W) is obtained

Wxy = β0N(w(x, y)) +
∑

i∈{1,··· ,|M|}
βiW (ρi 〈x, y〉), (12)

where w(x, y) obtained from Eq. (9), and the impact factors of βi ’s are chosen according to
the importance ofMi main attributes, while

∑
i βi = 1 and

W (ρi 〈x, y〉) = 1 − θiW (ρi 〈x, y〉), (13)

when θi = 1/max{x,y}∈Q {W (ρi 〈x, y〉)} applied for scaling the path weights. Here, Q is a
set of pair nodes that are in the same connected component. If nodes x and y are located
in two disconnected components, then W (ρi 〈x, y〉) = 0. This section is summarized by the
following theorem.

Theorem 1 Graph Gc = (Vc,Ec,W) is a homogeneous core graph in which the positive
side effect of shell graphs is applied to its edges.

3.4 Graph partitioning

We apply the weighted node2vec [22] model, which can take a weighted graph as input, for
embedding graph Gc = (Vc,Ec,W). Then evaluate our proposed framework by feeding the
embedded nodes to the k-means algorithm. Algorithms 1 and 2 demonstrate the pseudocode
of the proposed framework. The input parameters of the algorithms can be divided into three
general categories, including the pruning parameters (Pi ), the impact factor of attributes
parameters (α) and the impact factor of layers (star nodes) parameters (βi ). So, we can adjust
the parameters according to the importance of the available information.

Algorithm 1: Target_Node_Clustering
Input: k, VN, α, and VMi

, Pi , βi for i = 1 to |Mi |
Output: k similar clusters
Vc ← VN , Ec ← {}, Gc ← G(Vc,Ec)
for each {x, y} ∈ VN do

calculate w(x, y) /* use equation (9) */
N(w(x, y)) ← normalized value of w(x, y)

end
for i = 1 to |Mi | do

R(Gi
s ),W (ρi ) ←Mi_Shell_Graph(VN, VMi

, Pi , α)

end
for each {x, y} ∈ Vc do

Wxy ← β0N(w(x, y)) + ∑
i∈{1,··· ,|M|} βi W (ρi 〈x, y〉)

add edge e = [x, y] to Ec by weight Wxy
end
embed Gc by weighted node2vec method and apply k-means algorithm
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Algorithm 2: Mi_Shell_Graph
Input: node sets VN, VMi

and parameter sets Pi , α

Output: R(Gi
s ), matrix W (ρi )

Vi
s ← {VN ∪ VMi

},Eis ← {},Gi
s ← G(Vi

s ,E
i
s )

for each x ∈ VN and y ∈ VMi
do

if y is anMi attribute of x then
add edge e = [x, y] to Eis /* external link */

end
end
for each {x, y} ∈ VMi

do

add edge e = [x, y] to EMi
s by weight w(x, y) /* internal links, use equation

(10) */
end

R(Gi
s ) ← remapping graph G

Mi
s

Q ← {}
for each {x, y} ∈ VN do

if x and y are in the same connected component then

/* If Eis = O
(
(Vi

s )
2
)

consider approximate shortest path */

W (ρi 〈x, y〉) ← weight of the Mi−shortest path from x to y in R(Gi
s )

Q ← {Q ∪ (x, y)}
end

end
θi ← 1/max{x,y}∈Q {W (ρi 〈x, y〉)}
for each {x, y} ∈ VN do

if {x, y} ∈ Q then
W (ρi 〈x, y〉) ← 1 − θi (W (ρi 〈x, y〉))

else
W (ρi 〈x, y〉) ← 0

end
end

Remark 1 (Importance of indirect connections) When it comes to clustering, the indirect
connection we get from the shortest paths of our proposed framework can be more helpful
for many datasets. Consider the Twitter dataset as an example. In this dataset, the words
used in hashtags may contain misspellings or even have no specific meaning, so their direct
embedding may not find the correct links between them. However, since our model considers
the shortest path between hashtags, it can identify related hashtags and thus related tweets.
For example, in Fig. 6, although the corresponding hashtags in tweets ti and t j are written in
two models #Kyiv and #Kiev, respectively, the existing hashtag auxiliary path (black path)
creates an indirect link between these tweets that can strengthen the connection between
them.

On the other hand, according to social psychology, most people do not have as much
control over their thoughts and behavior as they think [47]. People always learn from their
environment, especially from other people. The concept of group polarization states that
like-minded people in a group reinforce each other’s views [48]. So, users who follow the
activities of each other on social networks, can tweet or retweet almost similar topics. Thus,
user paths can also strengthen the connection between two related tweets.
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#Kiev#3#2#1#Kyiv

tj
t

ti

Fig. 6 The shortest path (black path) between two far-away tweets is a hashtag auxiliary path that strengthens
the connection between tweets ti and t j

4 Experiments

4.1 Comparative models

The purpose of this section is to demonstrate the effectiveness of the proposed unsupervised
framework (SEHN) in clustering. Most of the methods presented for clustering on hetero-
geneous graphs are semi-supervised and are not comparable to our method. However, we
compare SEHNwith the traditional approach of k-means and some state-of-the-art baselines
introduced for the unsupervised clustering (which codes are publicly available). We chose
these methods based on considering different types of clustering methods, including the
embedding model, the matrix factorization model and the community detection approach.
These methods are based on graph structures and do not use semantic information. So, in
addition to considering the methods themselves, we also integrated them with the BERT text
embedding method (as far as the method allows) to have a fair comparison with our method.
The following is a list of baseline models.

• k-means [20] is a traditional method of vector quantization that aims to partition obser-
vations into clusters based on the nearest mean for each observation. Here, we feed the
BERT embeddings of text attributes (if available) of the dataset to the k-means algorithm.

• node2vec [22] is a generalized version of DeepWalk [23], that uses embedding for graph
representation. By optimizing a neighborhood preserving objective, the node2vec frame-
work learns low-dimensional representations for nodes in a graph. We apply the method
to the heterogeneous graphs by neglecting the heterogeneity of the graph structure. For
evaluation, once the embedded vectors of the method and once the concatenation of
embedded vectors and BERT embedding vectors are fed to k-means method.

• BoostNE [25] is a multi-level network embedding method based on the technique of
matrix factorization. Using a gradient boosting framework, it learns multiple network
embedding representations of varying granularity without imposing any global low-rank
assumption. The method is also applied to the heterogeneous graphs in the same way as
node2vec.

• GEMSEC [31] is an embedding algorithm that addresses both embedding and com-
munity detection simultaneously while leveraging the benefits of each. The embedding
converges through iterations in such a way that nodes become close to their neighbors,
while clusters are separated in the embedding space. We evaluate this method as the
previous two methods.
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4.2 Datasets

We evaluated our framework by considering three datasets, including IMDb, DBLP and
our own Twitter data. The information of each dataset can be converted to a star-structure
heterogeneous graph, which statistics are tabulated in Table 1. More details of these datasets
are also given below.

• IMDb1 is a movie dataset. Here, we analyze a subset of IMDb, which has 4,800 movies
(M), 5,851 actors (A) and 2,277 directors (D) after data preprocessing. In terms of genre,
movies can be divided into three classes: action, comedy and drama. A bag-of-words
description of the plot keywords (K) is also displayed for each movie.

• DBLP2 is a citation network dataset. We analyze a subset of DBLP, which has 29,909
papers (P), 43,784 authors (A) and 20 venue (V) after data preprocessing. There are
four areas of papers:machine learning, information retrieval, data mining and database.
Each paper has an abstract. The main keyword of the title of a paper is also considered
as its keyword set (K). The citations between papers in this dataset are considered to
represent the relationship between them. Here, we consider two versions of DBLP: once
with venue attributes (DBLP_1) and once without venue attributes (DBLP_2).

• Twitter is a social networking service onwhich users post tweets or retweet themessages
of other users. Each tweet may or may not have hashtags. For the data gathering from
this platform, we use the free Twitter API.3 Using Twitter’s streams, we filtered the tweet
and retweet posts which contain keywords “Russia” and “Ukraine”. These keywords are
widely used these days on Twitter because of the 2022 Russia-Ukraine war. By collecting
both tweets and retweets, we did not limit ourselves to a specific time and considered the
propagation of the information. The data collection period was from 1 April to 15 April
2022. By removing non-English posts, we are left with 301,249 tweets and retweets.
Since ground truth topics are not available for this dataset, we used set of keywords with
high usage counts as ground truth labels. These keywords are obtained by the human
experts and are shown in Table 2.

4.3 Performance evaluation

For assessing the accuracy of the proposed method (SEHN), two standard metrics are used,
which are the normalized mutual information (NMI) and the adjusted rand index (ARI).
SEHN and baseline models are compared using the IMDb, DBLP and Twitter datasets. In
the following, we explain the setting of parameters for each dataset.

• IMDb: In this dataset, the target nodes are "movies" and we have a heterogeneous 3-
pointed star-structure graph with center M (movie) and points A (actor), D (director) and
K (keyword). Due to only having three main attributes and no relational or contextual
attributes, αR = αT = 0 and αJ = 1, respectively, in Eqs. (9) and (10). Given the
different values for the κi ’s, we found that the value of 0.3 for these parameters could
be the most appropriate. With these values, the number of edges is not very large, and
relatively similar nodes have edges in common. Because the effect of all three main
attributes for categorizing the movies is the same, we set βi ’s equal in Eq. (12), means
β1 = β2 = β3 = 1/3.

1 https://www.imdb.com/.
2 https://dblp.uni-trier.de/.
3 developer.twitter.com.
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Table 2 The ground truth labels
of Twitter dataset

Topic Keyword

1 leak, anonymous, hack, cyber

2 biden, chemical, weapon, biological

3 katerina, maria, daughter, sanction

4 france, election, presidential, macron

5 moskva, black sea, neptune, flagship

6 nft, wallet, nftcommunity, cryptoartist

7 oil, trade, ban, gas, senate, sanction

8 paratrooper, refuse, fight, elite

9 railway, station, kramatorsk, strike

10 nuclear, germany, gas, plant

• DBLP: In this dataset, the target nodes are "papers" and we have a heterogeneous 3-
pointed star-structure graph with center P (paper) and A (author), K (keyword) and
V (venue) as points of it. According to the abstract, the dataset has a textual attribute
and because of the citation, there is a relational attribute between the target nodes. So,
the weight of the edges between the target nodes calculated based on Eq. (9). Since the
citation of an article is completely based on the topic of it, we set c0 to the maximum
state, i.e., 1. By calculating the embedding of the abstracts, we add an edge between
papers that have a textual weight greater than σ0 = 1/4

∑
dxy , where {x, y} belong to

a paper set (upper quartile). Based on the co-occurrence of two authors in an article and
the co-occurrence of two keywords in an article, we have internal edges that we set the
amount of κi ’s related to them to 0.3 by trial and error. To adjust α parameters, since
the similarity of abstracts can greatly help the classification, we divide half of the weight
to the textual concept and the rest of the weight equally between relational and joint
presence concepts. So, we set αT = 0.5 and αJ = αR = 0.25. As with dataset IMDb,
the impact of all three main attributes in the classification of papers is the same and so
we consider the value of βi ’s in Eq. (12) to be the same.

• Twitter: In this dataset, as shown in Fig. 2, the target nodes are "tweets" and two layers
U (user) and H (hashtag) are considered as the main attributes. Based on the text of the
tweets, we have edges between the target nodes that show their similarity. The degree
of similarity calculated based on embedding is a textual attribute. Due to the colloquial
nature of the text of tweets and the possibility of errors in the embedding, we consider
the lower bound of σ0 = 1/3

∑
dxy for these edges, where {x, y} belong to tweet set.

Also, based on the presence of two hashtags in one tweet and the tweeting/retweeting
of one tweet by two people, joint presence edges are created according to Eq. (8). The
same as the previous two datasets, we consider the truncation parameters κi ’s to be 0.3.
The embedding of the tweets is very helpful in categorizing tweets as well as the indirect
connections (according to Remark 1). So, we set their importance equal and we have
αT = αJ = 0.5. Because in this dataset the relation between target nodes can be more
influential in the clustering, we consider a higher impact factor for it and set β0 = 0.6
and β1 = β2 = 0.2.

In node2vec model, we assign walk length and walks per node to 80 and 10, respectively.
Also p = 2, q = 0.5 and dimension is 200. The node2vec embeddings of the core graph is
given as input to the k-means algorithm. The value of k is corresponding to the number of
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Table 3 Comparison of node clustering results (%) in datasets

Dataset IMDb DBLP_1 DBLP_2 Twitter
target node Movie Paper Paper Tweet

Metric NMI ARI NMI ARI NMI ARI NMI ARI

node2vec 0.21 0.19 84.58 88.66 0.10 0.30 23.42 23.16

BoostNE 0.87 0.67 51.79 31.25 7.01 1.91 46.08 35.37

GEMSEC 0.64 0.63 37.88 19.47 15.42 2.33 21.44 16.92

k-means (+BERT) – – 19.20 18.89 19.20 18.89 46.14 45.79

node2vec (+BERT) – – 84.59 88.67 0.09 0.28 24.58 36.06

BoostNE (+BERT) – – 19.49 19.17 19.21 18.90 49.10 38.05

GEMSEC (+BERT) – – 35.38 17.05 9.80 1.55 24.71 20.05

SEHN (our method) 1.02 1.06 90.67 91.53 52.61 57.14 61.52 58.49

classes in each dataset. IMDb, DBLP and Twitter have 3, 4 and 10 classes, respectively. To
helpminimize the effect of the selection of the centers on the clustering result, we repeat the k-
means 10 times and report the best of the obtained results. All the algorithms are implemented
in Python with PyTorch and PyTorch Geometric. The experiments are performed on a Linux
machine with Intel i7-12700K 2.7 GHzCPU, 12GBNvidia 3080-Ti GPU and 128GBRAM.

Table 3 indicates the results of the experiments comparing our model to other baselines.
As can be seen from the table, the methods for the IMDb dataset have not worked well. This
is because the movies in this dataset are not properly labeled and each movie has several
genres. Our evaluation assumed that the first genre mentioned in each movie’s information
was its correct label. However, our method has better performance than others.

For the DBLP dataset, we consider two models. Once, we used all available information
to create a heterogeneous star graph (DBLP_1), and once we removed the venue nodes from
the graph (DBLP_2). Since conferences seem to be a great help in determining the correct
cluster for each paper, we investigated the impact of their elimination in the results.

In DBLP_1, our answer is more accurate than the rest. The node2vec method has
also obtained the answer with appropriate accuracy. The reason is the random walk-based
approach, which is beneficial for node clustering. In this method, nodes are embedded such
that nearby nodes in the graph have close embedding vectors [49]. Thus, the location infor-
mation of the nodes is contained in the embedded vectors and thus k-means works better
[11]. Here, due to the presence of venue nodes, the papers of each category are close together
in the graph. So it has been expected that node2vec would yield accurate results. It is also
observed that adding BERT vectors of abstract at the end of the embedding vectors of the
baseline methods does not have much effect on the results. This could be due to the dimen-
sionality curse of k-means for high-dimensional clustering [50] or insufficient information
of the abstract.

We also illustrate the result of our method and the comparison methods (the most accurate
answer in each case) for DBLP_1 in Fig. 7. For this purpose, we used t-SNE to visualize
the embedded points in 2-dimensional space. This figure shows that our method identifies
coherent and well-separated categories for this dataset. The nodes in these diagrams each
correspond to a paper, and the colors denote the domain in which the papers fall, including
machine learning, information retrieval, data mining and database.

As can be seen from the results of DBLP_2 in Table 3, our method not only performed
better but also differs greatly from the results of others. It seems that this significant difference
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Fig. 7 A visual representation of node clustering in DBLP_1. A point indicates a paper, and its color indicates
the research area

between our accuracy and that of other methods is due to the use of indirect paths in the
heterogeneous graph, as well as to the advantages of effectively using the structure and
attribute information simultaneously.

For the Twitter dataset, our method performed good and was able to separate the 10
topic categories listed in Table 2 with almost high accuracy. Indirect links between hashtags
and users enhanced the network compared to using only the text embedding of the tweet
to identify the topic. For the members of the set {#rudern, #rowing, #aviron}, for example,
our framework could find the shortest paths between them, although there is no direct edge
between their members. These three words refer to the same subject but in three different
languages. Another example would be the set {#russiancruiser, #shipsinks}.

In summary, based on the results obtained, the advantages of the presented method can
be stated as follows.

– Using different types of information in the database to improve the similarity of hetero-
geneous networks.

– Observing the positive effect of indirect connections in the result, especially when we do
not have enough direct information.

– Converting a heterogeneous graph into a homogeneous graph and utilizing the useful and
accurate methods for embedding homogeneous graphs.

– Based on the structure of the shell graphs, they can be processed in parallel so that the
computational load does not increase.

– As the number of edges of the network increases, the computation can bemade applicable
by considering truncation parameters and approximating shortest paths. This makes it
possible to check larger graphs compared to deep learning methods.
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Also, the weaknesses of the method can be stated as follows, and our next goal is to improve
the method to eliminate these weaknesses.

– Since only the shortest path is used for indirect communication and other paths are
ignored, complex network relationships are not taken into account. We therefore have a
local view instead of a global view.

– Only the connection between target nodes and other main attributes is taken into account
and the connection between two main attribute sets is ignored.

– The deep learning mechanism was not used in the process of the algorithm.
– The attention mechanism was not used for the influence coefficients of the different

attributes. For one target node, the importance of an attribute may differ from the impor-
tance of the same attribute for another target node.

5 Conclusion

In this paper, we presented a framework for unsupervised clustering of real-world datasets
based on the star-shaped heterogeneous structure. In this structure, we placed the nodes that
are the main target of the desired task as the target nodes in the center of the star-shaped
structure and considered the other information (main attributes) in the dataset as points of
the star. Depending on the existing connections between the nodes, edges with appropriate
weights were added to the network based on three criteria, including relational weight, textual
weight and joint presence weight. Thus, by properly weighting the edges, we were able to
create effective connections between entities that are similar to each other. The presence of
these edges created different paths between the target nodes, which allowed us to strengthen
the edges between the target nodes. So by considering weights instead of these paths, we
achieved a homogeneous graph on the target nodes and embedded this graphwith the classical
andwidely usednode2vecmethod.We then applied the clustering task to the embeddednodes.

The presented method has three categories of parameters, including the parameters for
pruning, the parameters for the influencing factors of the attributes and the parameters for the
influencing factors of the star components. Thus,we can adjust the parameters according to the
importance of the available information. We applied the presented method in clustering three
datasets (IMDb,DBLPandTwitter) andobtainedbetter results than the previous unsupervised
methods. TheTwitter dataset collected by the authorswas so large thatwewere able to process
it using appropriate truncation techniques and the use of path approximations.

Asmentioned earlier, the proposedmethod uses the shortest paths between data features to
find indirect links. In the future, we plan to consider the shortest paths with the least variance
instead.With this assumption, we could find paths where each pair of features is close to each
other along the path. To better utilize the information of the dataset, in addition to connecting
the target nodes to other main attributes, the connections between pairs of main attributes
can also be used. Another goal is to use deep learning methods and attention mechanisms
in the algorithm process to consider the influence factor of each feature. Another plan is
to introduce a new method for embedding our final homogeneous graph, even with larger
datasets.
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