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Abstract. Finding different types of communities has become a research
hot spot in network science. Plenty of the real-world systems containing
different types of objects and relationships can be perfectly described
as the heterogeneous networks. However, most of the current research
on community detection is applied for the homogeneous networks, while
there is no effective function to quantify the quality of the community
structure in heterogeneous networks. In this paper, we first propose the
null model with the same heterogeneous node degree distribution of the
original heterogeneous networks. The probability of there being an edge
between two nodes is given to build the modularity function of the het-
erogeneous networks. Based on our modularity function, a fast algorithm
of community detection is proposed for the large scale heterogeneous net-
works. We use the algorithm to detect the communities in the real-world
twitter event networks. The experimental results show that our method
perform better than other exciting algorithms and demonstrate that the
modularity function of the heterogeneous networks is an effective param-
eter that can be used to quantify the quality of the community structure
in heterogeneous networks.

Keywords: Heterogeneous Network · Community Detection · Modular-
ity · Twitter Network.

1 Introduction

Network science is a fundamental tool to analyze the basic problems of the real-
world complex systems, such as social networks, metabolic networks, computer
networks and etc [2]. Community detection has become a key research in network
science during the past decades [4,8]. The community refers to the cluster of n-
odes that are connected densely and community detection focuses on finding the
such clusters effectively in the networks. The modularity proposed by Newman
based on the null model is the most famous parameter to quantify the quality
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of the community structure in the homogeneous single networks [9]. Based on
the modularity function, effective algorithms of the community detection in ho-
mogeneous networks are proposed such as the famous BGLL algorithm [1]. The
null model and the modularity function are also used in the research on the ho-
mogeneous multiplex networks [7, 13]. However, most of the research just focus
on the homogeneous networks and there is no effective function to quantify the
quality of the community structure in heterogeneous networks.

Most of the real-world networks contain more than one type of the nodes and
relationships. For example, in the DBLP networks, there are three types of nodes:
authors, papers, and conferences [12] and in twitter event networks, there are two
types of nodes: users and events [5]. Such networks are heterogeneous in nature.
The community detection method is no longer available for those heterogeneous
networks. Therefore, it is necessary to propose the suitable method to detect the
communities in heterogeneous networks. The main problem of the heterogeneous
community detection is how to deal with the heterogeneous relationships among
the different types of the nodes. Researchers propose several method to detect the
heterogeneous communities focused on the heterogeneous relationships. However,
the basic community structure is ignored so that there is no effective function to
quantify the quality of the community structure in heterogeneous networks like
the homogeneous modularity function.

In this paper, we propose the null model and modularity function of the het-
erogeneous networks. The heterogeneous node degree is proposed to replace the
node degree of homogeneous networks based on the heterogeneous relationships
in the heterogeneous networks. Then we build the null mode of the heterogeneous
networks with the same heterogeneous node degree distribution of the original
network. The modularity function of the heterogeneous networks is built with
the probability of there being an edge between two nodes in the null model.
Based on our modularity function, a fast algorithm of heterogeneous community
detection is proposed to demonstrate the effectiveness of the modularity. The
experimental results show that the community structure of the heterogeneous
networks can be exposed effectively through the modularity function. Our find-
ings fill the gap in the field of null model of heterogeneous networks and provide
a powerful tool for detecting communities in the complex systems with multiple
objects and relationships in many general scientific fields.

The reminder of the paper is structured as follows: The Section II is the
related work about our research. The heterogeneous node degree and null model
of heterogeneous networks are introduced in Section III. In the Section IV, we
discuss the modularity function of the heterogeneous networks and the algorithm
of the community detection is shown in Section V. The experiments is presented
on Section VI. The Section VII is the conclusions.

2 Related Work

The null model in homogeneous networks has the same degree distribution with
the original network. The modularity function proposed by Newman basd on the
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null model is the most famous parameter that can be used to quantify the quality
of the communities in homogeneous network [10]. The modularity refers to the
number of edges within communities minus the expected number of such edges in
the null model. Based on the modularity, Vincent Blondel at al. [1] propose a fast
modularity optimization method called BGLL algorithm. They found the high
modularity partitions of large networks in short time and unfolded a complete
hierarchical community structure for the network. The method still focused on
the homogeneous networks.

Compared with analysis for the homogeneous single networks and multiplex
networks, the research on community detection in heterogeneous networks s-
tarted relatively late. Deng Cai et al. [3] propose a method to find the hidden
community in heterogeneous social networks. They built the weighted matrix
of different relationships according to the priori community detection results
and used the optimized algorithm to calculate the optimal coefficient of each
relationship matrix. The coefficient represented the influence of the different re-
lationships on the result of the community detection. The method requires prior
knowledge about community detection.

Qiankun Zhao et al. [14] propose a framework of mining different types of
communities from web based on the heterogeneity and evolution of web data.
They gave the clearly definition of the heterogeneous networks and use a 8-
tuple vector to represent them. The features of particular communities were
extracted using the PopRank algorithm to build the SVM regression model for
the prediction.

Comar et al. [6] use the multi-task learning to classify nodes and detect
communities at the same time. They derived two homogeneous subnetworks
form a heterogeneous network that contains two types of nodes, one subnetwork
for classification and the other for community detection. The author classify the
nodes and detect communities through the relevance of the two subnetworks.
The methods requires the heterogeneous networks must be bipartite.

Qiu et al. [11] focus on the overlapping community detection of the hetero-
geneous social networks. They propose an algorithm called OcdRank (Overlap-
ping Community Detection and Ranking) combining the overlapping community
detection and community-member ranking together in directed heterogeneous
social networks. The algorithm still works on bi-type heterogeneous social net-
works.

Our work differs from those found on the literature because the null model
and modularity are the basic theory of the community detection in homogeneous
networks. We propose the two basic conceptions of the heterogeneous networks
and focus on the community structure itself with the considering of the hetero-
geneity in heterogeneous networks. The work is original and unprecedented.
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3 Null Model of Heterogeneous Networks

3.1 Heterogeneous Networks and Heterogeneous Node Degree

We first introduce the basic conception of the heterogeneous networks. In this
paper, we use the set of adjacency matrices to describe a heterogeneous net-
works (HW ) as HW = {AS , ...,HSR, ...}, S,R∈T , where T refers to the type
of nodes. AS = (aSij)NS×NS

donated as the adjacency matrix of the same-type

nodes, where NS refers to the number of S-type nodes. HSR = (hSR
ij )NS×NR

donated as the adjacency matrix of two different types of nodes. In the repre-
sentation, we just separate the homogeneous nodes and heterogeneous nodes to
ensure importance of the heterogeneous links in the community detection of the
heterogeneous networks.

The existing null model of the homogeneous single network is proposed by
Newman and has the same distribution of the node degree with the original
network. To build the null model of the heterogeneous networks, we should first
propose a new parameter to describe the basic connection among the different
types of nodes in the heterogeneous networks like the node degree in the homo-
geneous networks. Therefore, we first define the heterogeneous node degree as
follows:

Definition 1 Heterogeneous Node Degree: For each type of nodes, there are
neighbors of the S-type node i. The heterogeneous node degree refers to the num-
ber of neighbors of different types from a node i. We give the uSR

i to represent
the heterogeneous node degree of types R for the S-type node i. When S = R,
the heterogeneous node degree uSS

i becomes the homogeneous node degree ki.
Therefore, the node degree in the heterogeneous networks is divided into two

parts: the homogeneous node degree ki and the heterogeneous node degree of all
types

∑
R u

SR
i (S 6=R).

3.2 Null Model of the Heterogeneous Networks

With both homogeneous and heterogeneous node degree, we give definition of
the null model of the heterogeneous networks:

Definition 2 Null Model of Heterogeneous Networks: The null model of the
heterogeneous networks refers to those network models that has the same set of
types of nodes T , number of homogeneous nodes N , number of heterogeneous U ,
distribution of homogeneous node degree P (k) and distribution of heterogeneous
node degree P (u) with the original network, while otherwise is taken to be an
instance of the random network.

For each two types of the nodes, there is a distribution of heterogeneous node
degree. Therefore, there are |T |2−|T | distribution of heterogeneous node degree
in a heterogeneous network, where T refers to the set of types of nodes.

3.3 Random Walk on Heterogeneous Networks

Here we use the random walk theory to build the null model of the heterogeneous
networks. The process can be explained by the Laplacian Dynamics. Considering
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a homogeneous network, if there is an edge between node i and node j, the two
nodes are regarded as reachable. We suppose that there is a walker walking
randomly among the nodes in the networks and each walk from one node to the
other is completely independent and random. The process is actually a Markov
process in which each walk has no relationship with the last time. Therefore, the
probability of the walker walking from a arbitrary node j to node i and staying
at nodei, ṗi is:

ṗi =
∑
j

aij
kj
pj − pi (1)

where pj refers to the probability of the walker staying at the node j. Differ-
ently, in a heterogeneous network, the edges among nodes is divided into homo-
geneous edges (edges between two same-type nodes) and heterogeneous edges
(edges between two different-type nodes). Therefore, when the walker walks in
the heterogeneous network, both homogeneous and heterogeneous edges should
be considered. The probability of the walker walking from a arbitrary R-type
node j to S-type node i and staying at nodei, ṗSi is:

ṗSi =
∑
j,R

aSijδSR + hSR
ij δSR

κRj
pRj − pSi (2)

where aSij refers to the connection relationship between the two nodes i and j that

belong to the same type S; hSR
ij refers to the connection relationship between

S-type node i and R-type node j; δSR is the reaction function; When S = R,
δSR = 1; When S 6=R, δSR = 1; pRj refers to the probability of the walker staying

at the R-type node j; κRj refers to total degree of the R-type node j, that is the
sum of homogeneous degree and heterogeneous degree, donated as:

κRj = kRj +
∑
S

uRS
j (3)

Therefore, we give the conditional probability of the walker walking from R-type
node j to S-type node i of in the null model of heterogeneous networks, donated
as:

p(Si |jR) =
kRj
κRj

kSi
2MS

δSR +
uRS
j

κRj

uSR
i

2MSR
δSR (4)

where MS refers to the edge number among the S-type nodes and MSR refers
to the edge number between S-type nodes and R-type nodes. When the Markov
process of random walk reaches steady state, the steady probability of the walks
staying at the R-type node j is donated as:

pR∗
j =

κRj
2M

(5)

where M refers to the total number of the edges in the heterogeneous network.
Therefore, the joint probability of the walker walking from R-type node j to
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S-type node i in the null model is:

p(Si,Rj) = p(Si |jR)×pR∗
j

= (
kRj
κRj

kSi
2MS

δSR +
uRS
j

κRj

uSR
i

2MSR
δSR)

κRj
2M

=
1

2M
(
kRj k

S
i

2MS
δSR +

uRS
j uSR

i

2MSR
δSR)

(6)

The p(Si,Rj) is the probability of there being an edge between S-type node i and
R-type node j in the null model of the heterogeneous network. The equation is
divided into two pasts: the homogeneous part and the heterogeneous part. The
homogeneous part is the same with the probability in the homogeneous null
model and the the homogeneous part represents the heterogeneous relationships
in the heterogeneous network. With this edge-building probability, we could build
the modularity function of the heterogeneous network based on the null model.

4 Modularity Function of Heterogeneous Networks

The modularity function is first proposed by Newman in 2006. The modularity
Q =(the number of edges within communities-the expected number of such edges
in the null model). The null model here is homogeneous and the modularity pro-
posed by Newman is still built for the homogeneous networks. Similarly, when
we replace the null model of homogeneous networks by the one of heterogeneous
networks, we can build the modularity function of the heterogeneous networks.
Here, we give the definition of the modularity function of heterogeneous net-
works:

Definition 3 Modularity Function of Heterogeneous Networks: The modular-
ity function of heterogeneous networks Qh =(the number of edges within com-
munities in heterogeneous networks-the expected number of such edges in the
heterogeneous null model) and normalized by the total degree of the networks:

Qh =
1

2M

∑
ijSR

[E(Si,Rj)− P (Si,Rj)]δ(gSi, gRj) (7)

where E(Si,Rj) refers to the number of edges within communities in heteroge-
neous networks and P (Si,Rj) refers to the expected number of such edges in
the heterogeneous null model. δ(gSi, gRj) = 1 if the S-type node i and R-type
node j belong to the same community, otherwise δ(gSi, gRj) = 0. In the equation
6, we obtain the probability of there being an edge between S-type node i and
R-type node j in the null model of the heterogeneous network. Therefore, the
P (Si,Rj) is donated as:

P (Si,Rj) = p(Si,Rj) ∗ 2M

=
kRj k

S
i

2MS
δSR +

uRS
j uSR

i

2MSR
δSR

(8)
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The actual number of edges between two nodes in heterogeneous networks can
be represented as:

E(Si,Rj) = AR
ijδSR +HSR

ij δSR (9)

Withe give the equation of the modularity function in details:

Qh =
1

2M

∑
ijSR

[(AS
ij −

kRj k
S
i

2MS
)δSR+

(HSR
ij −

uRS
j uSR

i

2MSR
)δSR]δ(gSi, gRj)

(10)

In the equation 10, we divide the modularity function of heterogeneous networks

Qh into two parts, the homogeneous part AS
ij −

kR
j kS

i

2MS
and the heterogeneous

part HSR
ij −

uRS
j uSR

i

2MSR
. Therefore, the modularity can be understood as the sum

of both homogeneous and heterogeneous part, which reflects the whole kinds of
relationships in the heterogeneous networks.

5 Community Structure and the Fast Algorithm in
Heterogeneous Networks

Similar with the homogeneous networks, there are also community structure in
the heterogeneous networks, that is, the set of multi-type nodes that are connect-
ed closely. The modularity of heterogeneous networks can be used to quantify
the quality of the heterogeneous community structure. When the modularity get
max, the results of the community detection are the best.

We start from the basic structure of the networks to detect the heterogeneous
communities. Therefore, we do not distinguish the type of nodes when detecting
the communities. Which community a node belongs to is decided by the change
of modularity function when it joins the community. The final results of each
heterogeneous community will contain at least one type of nodes or more. It all
depends on the maximum modularity function of the heterogeneous networks.
After the community detection, we could extract the same-type nodes in each
community to get the homogeneous node clusters.

Based on the modularity function of heterogeneous networks, we give a fast
algorithm to detect the communities in the heterogeneous networks. The process
of the algorithm in shown in algorithm 1. The time complexity of algorithm 1
(FAHCD) is O(N×max(κi)). The algorithm is based on the famous fast algo-
rithm BGLL of the homogeneous networks. In the large networks, the max(κi)
is far less than the the number of nodes N . Therefore, the time complexities of
the algorithm 1 is close to O(N).

6 Experiments

We use the FAHCD to detect the heterogeneous communities of the twitter event
networks we build through the real-world data. The twitter data is collected from
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Algorithm 1 Fast Algorithm of Heterogeneous Community Detection
(FAHCD).

Require: The adjacency matrix set of heterogeneous network, HW =
{AS , ..., HSR, ...}, S,R∈T

Ensure: The results of the heterogeneous communities, CK
h = {Ch1 , Ch2 , ..., Chn};

1: initial HW 0 = HW ;
2: repeat
3: Regarding each node in HW kas a community initially. Ck

h =
{Node1, Node2, ..., NodeN}, where N is the total number of nodes in HW k;

4: Computing the increment of modularity ∆Qij
h between each node i and its each

neighbor j in the heterogeneous network;

5: ∆Qij
h = 1

2M
{
∑

z∈gj [(AS
iz −

kS
i kR

z
2MS

)δSR + (HSR
iz −

uSR
i uRS

z
2MSR

)δSR] −
∑

z∈gi [(A
S
iz −

kS
i kR

z
2MS

)δSR + (HSR
iz −

uSR
i uRS

z
2MSR

)δSR]};
6: For the node j with the max ∆Qij

h with node i, adding the node i into the
community with node j;

7: Updating the set of communities Ck
h after the aggregation of Ck−1

h in step 6;
8: Regarding each type of nodes in the new community in Ck

h as the new specific-
type node; Regarding connections among the nodes as the self-loop of the new node
with the weight of number of connections; Regarding edges between two different
type of nodes as the new edge between two new nodes with the weight of number
of edges; Generating a new heterogeneous network HW k

9: until ∆Qh < 0 of all nodes;
10: return CK

h ;
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the Twitter API. The MongoDB database is used to store the collected data.
After pre-processing, including tweet language filtering, spam tweet filtering,
useless field filtering and text content filtering, we obtained the valuable tweets
and accounts. The Named Entity Recognition (NER) is used to extract the name
of related people in each tweet and to extract the hashtag by the key symbol #.
The twitter events are clustered based on the text similarity among the tweets.
We cluster a large number of tweets with high text similarity to detect a twitter
event that occur in the Twitter space. Then we build the twitter event networks
with 5 type of nodes: Account, Tweet, Event, NameEntity and Hashtag. We
capture 4 type of relationships among the 5 type of nodes. The networking rules
are shown in table 1

Table 1. The networking rules of the Twitter event network

Type Name Description

Node Account
The twitter accounts of the

users.

Node Tweet
The short message written by

the twitter users.

Node Event
The events detected in the

Twitter space.

Node
Named
Entity

The name of related people
detected in tweets.

Node Hashtag
The content tag for the

tweets.

Edge
Account

and
Tweet

Connected if the tweet is
written by the account.

Edge
Tweet
and

Event

Connected if the tweet
belongs to the event.

Edge

Tweet
and

NameEn-
tity

Connected if the name
appears in the tweet.

Edge
Tweet
and

Hashtag

Connected if the tweet has
the hashtag.

We collected Twitter data about the UK elections from May 12nd, 2017
to June 10th, 2017. The Twitter event network in 30 days we built consisted
of 70,536 account nodes, 32,593 tweet nodes, 2,618 event nodes, 1745 named
entity nodes, and 1462 hashtag nodes. The twitter event network on May 12nd,
2017 is visualized in figure 1. There are 3,459 nodes and 4,329 edges including
2232 account nodes, 854 tweet nodes, 161 event nods, 134 named entity nods
and 78 hashtag nodes. As shown in figure 1, the core-type of the nodes are the
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tweet nodes. They are connected with the rest other type of nodes to form the 4
types of the edges in the Twitter event networks. The rest 4 types of nodes are
disconnected.

Account
Tweet
Event
Named Entity
Hashtag

Fig. 1. The Twitter Event Network about UK Elections.

We detected the heterogeneous communities on the Twitter event networks
we built in 30 days using FAHCD. The partial results of the community detection
are visualized in figure 2. Nodes in the same color belong to the same commu-
nities. For visualization, we delete lots of nodes and edges of the network. The
results show that different types of nodes could be divided into the same com-
munity because the dense connection among them such as the green nodes in the
center in figure 2. Because of the different types of connection, different types of
nodes could be divided into different communities, such as the orange nodes and
the red nodes in the left top of figure 2. The orange nodes are account and the
red nodes are hashtag. They are all connected with the tweet nodes in green but
they are divided in to different communities just because the connections among
them are heterogeneous. Therefore, our algorithm detects the communities us-
ing modularity based on the heterogeneous structure itself of the heterogeneous
networks. It can not be replaced by transferring the heterogeneous networks
into homogeneous networks and using the homogeneous community detection
methods, which ignores the critical heterogeneous structure information.



Null Model and Community Structure in Heterogeneous Networks 11

account

account

account

account

Tweet
Event

Hashtag

Hashtag

Hashtag

Hashtag

Tweet

Tweet

Tweet

Event

NamedEntity

Tweet

Tweet

Hashtag

Event

account

account
Tweet

NamedEntity

Tweet

Tweet

Tweet
account

Tweet

account

NamedEntity

account

account

account

account

account
account

account
account

account

account

account

Tweet

account

account

account

account

account

account

account

account

account
account

Fig. 2. The Partial Results of the Heterogeneous Community Detection on Twitter
Event Network.
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The 504 communities are detected in the Twitter event network consists of
108,954 nodes. 84% communities contains the whole 5 types of nodes and only 4
communities contains just 2 types of the nodes. Such communities are small with
less than 100 nodes and made up by the account nodes and tweet nodes. They are
not connected with any other types of nodes. We manually labeled the election
position of 1350 account nodes as the ground-truth to quantify the performance
of our community detection. The results are shown in table 2. Here we got three
three position about the UK election: proposition, neutral and opposition. The
position of a community is determined by the position of most of its nodes. If
the most of nodes are proposition in a community, all of nodes in the community
are regarded as the proposition node. Therefore, we could calculate the accuracy
as follows:

Accuracy =
Ncorrect

Ntotal
, (11)

where Ncorrect refers to the number of nodes with the correct position and Ntotal

refers to the total number of nodes in the communities of a same position. From
the results, we could conclude that people may communicate with each other who
has the same position in Twitter. Our algorithm detect the cluster of most people
with the same position on the UK election from the Twitter event heterogeneous
networks. The error less than 10% is caused by those active nodes and some junk
accounts who may connect with people of any position.

Table 2. The Performance of FAHCD Based on Ground-truth

Election Position Number of Communities Accuracy

Proposition 256 92.3%.

Neutral 127 94.7%.

Opposition 121 91.2%.

7 Conclusion

The results in the experiment section demonstrate the advantageous heteroge-
neous community detection performance on real-world Twitter event networks
based on the null model of heterogeneous networks. Our method could deal with
large-scale heterogeneous networks on a almost linear time complexity. Based
on the FAHCD, we find the cluster of most people with the same position on
the UK election from the Twitter event heterogeneous networks we built. The
accuracy of all three position is over 90%, which show a great performance of
our method on heterogeneous community detection. The community we detected
contains more than one type of nodes based on the structure of heterogeneous
networks and could be further divided into several homogeneous communities
based on the type of each node.



Null Model and Community Structure in Heterogeneous Networks 13

In a general sense, the null model of heterogeneous networks is a general
null model for any systems with multi-type of nodes including social networks.
The rationality of the model can be explained by the traditional random-walk
theory. The general significance of the model is that in addition to heteroge-
neous community structure, many other specific properties of heterogeneous
networks can be revealed through the model. These properties, including mo-
tif identities, propagation-rate threshold, redundancy-distribution correlations
and synchronization-state stability, have already been shown to be important in
homogeneous network research. Additionally, the null model of heterogeneous
networks can be used in directed networks based on in-and-out heterogeneous
degree. Our future work is based on such extensions of our null model and it-
s high-order representations, which may lead to some problems involving the
applications of all systems with multi-type of nodes that can be described by
heterogeneous networks.

Finally, the null model of heterogeneous networks provides a powerful tool
for the structure analysis of complex systems with multi-type of nodes. Through
comparisons, the specific nature of these systems can be exposed quantitatively
by the model. We believe that the the null model of heterogeneous networks
can give rise to much stronger and more general applications in many areas,
including social science, Internet topology, bioscience, engineering, economics,
and education, where systems can be described by heterogeneous networks. To
accomplish this, much more work needs to be done to gain a deeper understand-
ing of the model and its high-order representations. We hope that many more
attributes of the complex systems can be modelled and analysed through the
null model of heterogeneous networks.
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