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 
Abstract: Increasing the visibility in supply chain network had 

decrease the risk in industries. However, the current Cross-Time 
approach for temporal community detection algorithm in the 
visibility has fix number of communities and lack of operation 
such as split or merge. Therefore, improving temporal community 
detection algorithm to represent the relationship in supply chain 
network for higher visibility is significant. This paper proposed six 
steps model framework that aim: (1) To construct the nodes and 
vertices for temporal graph representing the relationship in supply 
chain network; (2) To propose an enhanced temporal community 
detection algorithm in graph analytics based on Cross-time 
approach and (3) To evaluate the enhanced temporal community 
detection algorithm in graph analytics for representing 
relationship in supply chain network based on external and 
internal quality analysis. The proposed framework utilizes the 
Cross-Time approach for enhancing temporal community 
detection algorithm. The expected result shows that the Enhanced 
Temporal Community Detection Algorithm based on Cross Time 
approach for higher visibility in supply chain network is the major 
finding when implementing this proposed framework. The impact 
advances industrialization through efficient supply chain in 
industry leading to urbanization. 
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I. INTRODUCTION 

According to the [1], the problem of many industries 

when it comes to supply chain is they are operating with little 
insight beyond the relation between suppliers and customers. 
This implies the risk of unpreparedness and without 
mitigation strategies in place whenever disruptions occur. 
Therefore, increasing the visibility in supply chain in order to 
lessen such risk is in the interest of the industries. With the 
emergence of Industrial Revolution 4.0, industries are now 
adopting Internet of Things (IoT). A real time visibility to 
material, suppliers, distributors and customer is one of the key 
stages when adopting IoT [2]. However, the connectivity 
between the raw supplier, distributors, and materials cannot 
be represented by linear model. Instead, graph analytics is 
becoming an essential technique to discover, capture and 
make sense of complex relationships and interdependencies. 
Yet, there are still open problem fundamentally for graph 
analytics that is required to be solved [3]. 

It should be noted that most of the underlying connection 
and relationship are now varying over time and display more 
dimensionality than static graph can capture at no time frame. 
On the other hand, temporal graphs represent nodes and 
relationship that is changing over time. However, according 
to [3], there are not so many works focus on temporal graph 
analytics due to its infancy stage. Currently, there are recent 
works done for new temporal graph analytics algorithm [4], 
[5] which focuses on shortest path earliest arrival time, 
shortest temporal fastest path, temporal closeness and 
temporal betweenness. Nevertheless, only few in the literature 
focus on the community detection for temporal graph 
analytics. In graph theory, community means a set of nodes 
that are heavily connected to each other but sparsely 
connected to the other parts of the graph. 

There are three approaches for dynamic community 
detection in graph theory: (1) Instant optimal, (2) Temporal 
Trade-off and (3) Cross-Time. In fact, the Cross-time 
approach focusing on searching communities when 
considering the whole graph evolution. It directly searches 
one single partition for all time steps [6], [7]. Using this 
approach, the communities found at time t are depending on 
both past and future evolution, in which produce communities 
that are completely temporal smoothed. However, the current 
Cross-Time approach for temporal community detection has 
fix number of communities and lack of operation such as split 
or merge [6]. 

 
 

Enhanced Community Detection Based on Cross 
Time for Higher Visibility In Supply Chain: A 

Six-Steps Model Framework 

Zuraida Abal Abas, Nurul Hafizah Mohd Zaki, Siti Azirah Asmai, Ahmad Fadzli Nizam Abdul 
Rahman, Zaheera Zainal Abidin 

mailto:zuraidaa@utem.edu.my
mailto:fizahzaki@gmail.com
mailto:azirah@utem.edu.my
mailto:fadzli@utem.edu.my
mailto:%20zaheera@utem.edu.my
mailto:%20zaheera@utem.edu.my
https://www.openaccess.nl/en/open-publications
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://crossmark.crossref.org/dialog/?doi=10.35940/ijitee.A4019.119119&domain=www.ijitee.org


Enhanced Community Detection Based on Cross Time for Higher Visibility In Supply Chain: A Six-Steps Model 
Framework 

4510 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: A4019119119/2019©BEIESP 
DOI: 10.35940/ijitee.A4019.119119 
Journal Website: www.ijitee.org 
 

Therefore, there is a need to have an enhanced community 
detection algorithm in graph analytics that specifically cater 
on the unfix number of communities with complete 
appropriate operation for community detection. The 
enhanced community detection algorithm must be able to 
capture the dynamics relationship of the supply chain network 
in order to have valuable insight for better and efficient 
operations. This dynamics relationship need to be formulated 
and enhanced in terms of temporal community detection in 
the graph analytics (the body of knowledge) for representing 
the complexity of the supply chain network that has been 
upgraded when adopting IoT. 

In conclusion, there are two main problems worth to be 
highlighted that drives this paper: 

(1) In the view of application domain – most industries are 
operating with little insight beyond the relation between 
suppliers and customers in supply chain network. Therefore, 
there is an urgent need to increase visibility in terms of the 
relationship in supply chain network in order to lessen the risk 
of unpreparedness whenever disruptions occur. 

(2) In the view of fundamental technique – the current 
Cross-Time approach for temporal community detection 
algorithm has fix number of communities and lack of 
operation such as split or merge. Therefore, there is a need to 
enhanced temporal community detection algorithm to 
represent the relationship in supply chain network for higher 
visibility. 

II.  RELATED WORKS 

The industries as well as the industry processes are 
constantly evolving. According to [8] the first industrial 
revolution was in the middle on 18th century and was driven 
by the steam engine. It then followed by the second industrial 
revolution in second half of 19th century, which centered at 
the introduction to mass production as well as the replacement 
of previous steam engine with the chemical and electrical 
energy. The third industrial revolution was in the second half 
of 20th century and it drove the application of electronics and 
IT to assist the production and automation. Currently, the 
fourth industrial revolution that the world is facing focus on 
the use of digital technology to make the industries becoming 
more agile, flexible as well as responsive to the customers. 
Internet of things (IoT), 3D printing, augmented reality and 
cloud technologies are among the digital technologies being 
emphasized in industry 4.0 [9]. The definition of IoT based on 
the common idea from various group of people such as 
researchers, academicians, innovators, practitioners, 
developers and corporate people are as follows [10]: 

“An open and comprehensive network of intelligent 

objects that have the capacity to auto-organize, share 
information, data and resources, reacting and acting in face 
of situations and changes in the environment” 

In other words, RFID tags, sensors/actuators and 
communication technologies that are integrated serves as the 
foundation of IoT [11]. This explain how a variety of devices 
and physical objects around us is associated to the internet 
and thus allows these devices and objects to communicate and 
cooperate with each other in order to reach common goal. In 
industry, the adoption of IoT leads to the term Industrial 
Internet of Things (IIoT). It refers to the utilization of IoT in 

industry and implies the usage of actuators and sensors, 
machine-to-machine, control systems, data analytics and 
security mechanism. It must be noted that numerous 
significant applications of IIoT are emerging. According to 
[12], the IIoT is able to strengthen modern industries through 
three pillars: (1) the process optimization, (2) the optimized 
resource consumption and (3) the creation of complex 
autonomous systems. 

With regards to the IIoT, data generated from the 
utilization of the sensors embedded in various machine tools, 
cloud-based solutions and business management are endlessly 
increasing exponentially. As a result, huge amount of data will 
be collected and analyzed. Based on the report produced by 
Accenture [2], The IIoT will change the way the industries 
think about production process, resource allocation material 
handling as well as the workforce. Hence, the IIoT adoption 
require changes in almost every aspect of the business such as 
customer relationship, supply chain, product design, service 
model, profit & loss and many more [2], [13]. 

According to the survey made to the industry player [14], 
one finding that worth to be highlighted is that through the 
IIoT adoption, the industry players are looking forward to 
have novel methods to optimize the supply chain processes, 
especially through real time data collection, reasoning as well 
as monitoring. With IIoT, the traditional supply chain is now 
moving forward to transform into digital supply chain with its 
ultimate goal is to fully integrate and make it visible every 
aspect of the raw material and good or product movement 
[15]. Moreover, according to [15], the new digital supply 
chain depend on a number of key technologies: (1) integrated 
planning and execution systems, (2) logistics visibility, (3) 
autonomous logistics (4) smart procurement and 
warehousing, (5) spare parts management and finally (5) 
advanced analytics. 

Advanced analytics is one of the strategies to achieve the 
ultimate goal of full integration and visibility in the era of 
digital supply chain when leveraging IIoT. The connectivity 
between the raw supplier, distributors, materials and 
processes cannot be represented by linear model. Instead, 
graph analytics as one of the advanced analytics is becoming 
an essential technique to discover, capture and make sense of 
complex relationships and interdependencies. A graph is 
consists of a set of nodes and a set of edges to represent the 
relationship that connects the nodes [16]. For example, it can 
be used to represent paths in a city, a circuit networks such as 
telephone and computer ones or even represent social 
networks in which each node contains various information 
like id, name, gender, location and etc. It is apparent that the 
data used in wide range of application can be formulated into 
graph structure thus providing holistic view of the underlying 
correlation and can be extended to both visualization and 
analytics field [17]. With respect to this, the term Graph 
Analytics emerged and it refers to the study and analysis of the 
data that can be transformed into the representation of graph. 
Graph analytics is exploited at various multi-disciplinary and 
high-impact application for obtaining various pattern in a 
given real world system [3], [16].  
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Graph analytics is very suitable with IoT because its 
capability to deal with unstructured data, integrate different 
data sources, able to express complicated patterns in intuitive 
ways as well as it enables advanced topological analytics [18]. 

To date, the graph analytics technique dealing with static 
graph is very stable. However, according to [3], there are not 
so many works focus on temporal graph analytics because it is 
still infancy. Temporal graph is an extended structure of graph 
in which time label is associated to the edges. Based on [4], 
one obvious fundamental difference between a static graph 
and a temporal graph is that the latter is not transitive. 
Currently, there are recent works done for new temporal 
graph analytics algorithm [4], [5]. The work only focuses on 
shortest path earliest arrival time, shortest temporal fastest 
path, temporal closeness and temporal betweenness 
(centrality measure). Nevertheless, only few in the literature 
focus on the community detection for temporal graph 
analytics. 

In graph theory, community means a set of nodes that are 
heavily connected to each other but they are sparsely 
connected to the other parts of the graph. There are three 
categories of the community discovery or detection method 
for temporal graph [6]: (1) Instant optimal (2) temporal 
trade-off and finally (3) cross-time community discovery. 
With regards to cross-time community discoveries, the 
different steps of evolution in the network is considered 
dependently [6].  

There are four sub-categories for cross-time corresponding 
to the distinctive manners to solve problem as follows [6]: (1) 
Fixed Membership, fixed properties, (2) Fixed Membership, 
evolving properties, (3) Evolving membership, fixed 
properties and finally (4) Evolving membership, evolving 
properties. In the case of the fourth sub-categories (evolving 
membership, evolving properties), the methods that fall into 
this category do not have constraint on temporal 
communities: nodes are allowed to change among them as 
well as communities are allowed to emerge or vanish and the 
density may be different. To date, there are three methods for 
evolving membership, evolving properties reported in [7], 
[19], [20]. 

However, these methods have its drawbacks, which further 
explanation shows the gap of this study. Cross-Time approach 
is not based on usual principle of unique partition being 
associated with each step of graph evolution process. It 
requires to develop novel techniques and to make new 
assumptions on the nature of dynamic or temporal 
communities. As a result, the current Cross-Time approach 
for temporal community detection suffers from having fix 
number of communities and lack of operation such as split or 
merge [6]. 

Hence there is a need to have enhanced temporal 
community detection based on Cross-Time approach to 
overcome the current drawback. This paper will focus on 
fourth sub-categories in Cross-Time approach, which is 
evolving membership, evolving properties because it is most 
suited to the IIoT application in supply chain network. With 
these advance analytics in digital supply chain, supply chain 
network visibility will be increased, performance bottlenecks 
can be predicted, factory operation can be improved, 
workforce and supply chain risk can be better managed as 

well as product design process can be enhanced [2].  

III. RESULTS AND DISCUSSION 

The resulted proposed framework to conduct the research 
for enhanced community detection based on cross time for 
higher supply chain visibility is illustrated as in Figure 1. In 
general, this proposed framework is aimed to achieve the 
following three objectives in the research: (1) To construct the 
nodes and vertices for temporal graph representing the 
relationship in supply chain network; (2) To propose an 
enhanced temporal community detection algorithm in graph 
analytics body of knowledge based on Cross-time approach 
and (3) To evaluate the enhanced temporal community 
detection algorithm in graph analytics for representing 
relationship in supply chain network based on external and 
internal quality analysis.  

The data collection will be from the supply chain network 
data obtain from the adoption of IIoT. It is expected that the 
data come from a variety of sources such as sensors/actuators, 
machines, raw materials, production processes, distributor, 
suppliers and many more. The connectivity between all of this 
data in supply chain network will be analyzed so that the 
whole system can be represented in graph structure. It must be 
noted that this data need to have temporal or timing properties 
since the proposed methods will enhanced the temporal 
community detection. 

According to the proposed framework, once the data has 
been collected and analyzed, then the research will be 
followed by designing and developing the enhanced temporal 
community detection algorithm in graph analytics. In order to 
enhance the algorithm, all six steps as shown in Figure 1 will 
be done as follows: 

 
Step 1 – Construct the nodes/vertices and edges for 

temporal graph representing the supply chain network using 
Neo4j software. 

 
In this step, Temporal graph G=(V, E, T) in which V 

denotes a set of triplets of the form (v, ts, te) with v is a node of 
the graph and ts, te is entity in set T are respectively the 
starting and ending timestamp of the corresponding nodes; 

E denotes a set of quadruplet (u, v, ts, te) in which it is an 
edge that connect vertex/node u and v with associated ts and te. 

 
Step 2 - A series of graph snapshot need to be created and 

defined as follows: 
A snapshot Graph, Gt is defined by an ordered set (G1, G2, 

G3…,Gt) where each snapshot Gi=(Vi,Ei) is univocally 
identified by the sets of nodes Vi and edges Ei. 

 
Step 3 – Create a single graph in which meta-node 

corresponding to the existence of a node at a specified 
snapshot G. Two kind of edge will be described as follows: 

i. The usual connectivity between nodes at the same 
time-step 

ii. Supplementary edges which connect nodes that belong 
to different and adjacent 
time-steps. 
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Step 4 – Formulate the community detection procedure for 
temporal graph by having the unfix community number and 
complete operations based on Greedy algorithm on the 
transformed graph.  

Step 5 - Enhanced the community detection algorithm for 
temporal graph based on Cross Time approach. Communities 
that have nodes which belong to different time steps, 
interpretable as dynamic communities will be identified. In 
this step, unfix number of communities as well as complete 
appropriate operation will be the major focus to be enhanced 
for temporal community detection algorithm. Moreover, this 
framework focus on the fourth categories of cross-time 
approach: Evolving membership and also evolving properties 
since the data will likely comes from IIoT application.  

 

 

Fig. 1. The Proposed Six-Step Framework Model for 
Enhanced Community Detection based on Cross-Time 

Approach for Higher Visibility in Supply Chain. 

Step 6 - As for testing and evaluation, temporal community 
detection will be evaluated using external and internal quality 
analysis as proposed by [6]. The external quality assumes the 

existence of an external ground truth that need to be retrieved 
or a specific community score. In this analysis, the following 
formula of Normalized Mutual Information (NMI) score is 
computed [6]: 

 
NMI (X,Y) = [H(X) + H(Y) – H (X,Y)]/[(H(X)+H(Y))/2] 
 
Where H(X) is the entropy of the random variable X 

associated to an identified community, H(Y) is the entropy of 
the random variable Y associated to a ground truth and 
H(X,Y) is the joint entropy. 

On the other hand, the internal quality focuses on the 
inspection and description of topologies identified as well as 
on the evaluation of the proposed enhancement’s complexity 

and scalability [6]. In this step, the research will focus on the 
algorithmic complexity. 

IV. CONCLUSION 

The risk of unpreparedness whenever disruption occur can 
be lessen if the visibility in supply chain is increased. As a 
matter of facts, increasing the visibility in supply chain has 
been one of the interests of the industries. Graph analytics has 
the ability to discover, capture and make sense of the complex 
relationships and interdependencies in increasing the 
visibility in supply chain. One of the promising techniques in 
graph analytics for this purpose is community detection. 
However, there is a need to enhance community detection 
algorithm in order to meet the requirement of Industrial 
Revolution 4.0. This paper proposed a six-step framework 
model to enhance community detection based on cross time 
approach for higher visibility in supply chain. It is expected 
that the Enhanced Temporal Community Detection Algorithm 
based on Cross Time approach for higher supply chain 
network visibility will be the major finding when 
implementing this proposed framework. It should be noted 
that this proposed framework will be one of the driving factor 
for advancing industrialization through efficient supply chain 
in industry as well as leading to urbanization.  
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