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Abstract
Knowledge sharing between participants of the ecosystem is one core of the digital ecosystem. This paper proposes a framework of distributed knowledge sharing in digital ecosystem and a scalable algorithm for knowledge sharing in digital ecosystem. The algorithm is based on concept
lattice that is a popular mathematical structure for modeling conceptual hierarchies. The algorithm can decompose
the search space of formal concepts into independent nonoverlapping subspaces that can be extracted independently
to generate formal concepts. The experimental results show
the algorithm is efficient to extract and present formal concepts in large data.
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1 Introduction
In the natural world, an ecosystem is a system whose
members benefit from each other’s participation via symbiotic relationships. In digital environment, a sharing collaborative system is formed by the digital components such
as digital data, information and knowledge. Collaborative
knowledge sharing between participants of the ecosystem
is one core of the digital ecosystem. The digital ecosystem
should be an effective platform to enable the participants
of the ecosystem to learn and share divers knowledge such
as domain knowledge, skills, expertise, useful information,
experiences and perspectives from others.
Knowledge is the high level digital component. Knowledge is useful and appropriate collection of information,
and understanding patterns. In the digital ecosystem, some
knowledge can be existing, but some knowledge can be
previously unknown, implicit, hidden in large data, and
should be derived from data. We therefore should extract
the knowledge from large data with the techniques such as

data mining or KDD (Knowledge Discovery in Databases)
[16, 4, 1]. The techniques of data mining are widely used
in research and application to look for relationships and
knowledge that are implicit in large volumes of data and are
interesting in the sense of impacting an organization’s practice. For example, data mining techniques can help companies to provide better, customized services and support
decision making. Hence, the techniques of data mining can
be used to extract knowledge for the digital ecosystem.
Concept is the base of the knowledge representation and
an atomic knowledge unit. Formal concept should be a basic knowledge unit in the digital ecosystem. Formal concept
analysis (FCA) [20] is an efficient tool for conceptual analysis and data mining [21, 12, 13, 19, 22]. FCA is different
from some of the traditional, statistical means of data analysis and knowledge representation because of its focus on
human-centered approaches. From the formal concepts, we
can analyze data such as revealing stronger association or
relation between attribute set and the set of their common
objects, classifying objects, generating implications of attributes or knowledge rules, extracting the hierarchical relation among formal concepts, etc. The core of FCA is
concept lattice. Theoretical foundation of concept lattice
is derived from the mathematical lattice theory [2, 7] that is
a popular mathematical structure for modeling conceptual
hierarchies. Concept lattice also provides an effective tool
of knowledge visualization. Concept lattice facilitates exploring, searching, recognizing, identifying, analyzing, visualizing, restructuring and memorizing conceptual structures [17]. The application of concept lattice has been an
area of active and promising research in various fields such
as knowledge discovery, information retrieval, software engineering and machine learning [10, 9] and bioinformatics
[11, 15, 14, 18].
In this paper, we propose a framework of distributed
knowledge sharing in digital ecosystem. We also propose
a scalable lattice-based algorithm to discover hierarchical
concepts in large and high-dimensional data for knowledge
sharing in digital ecosystem. The algorithm is based on the

density of attribute and intent of concept, and the hierarchical order between the concepts. The algorithm partitions
the search space of formal concepts into independent nonoverlapping subspaces that can be extracted independently
to generate formal concepts. The concepts can be used to
explore, present and interpret the knowledge from the large
data in digital ecosystem so that facilitates knowledge sharing in digital ecosystem.
Contributions. This paper makes the following contributions:

edge for digital ecosystems: community networks, organization networks and digital ecosystem networks.
The networks can be virtual networks. The sharing
platforms can integrate all digital resource for knowledge sharing. For example, the platforms can provide the behaviours recorded through distributed accounting to facilitate collaboration through the trading
of information using community currencies in a manner that optimises the operation of the ecosystem as a
whole;

• Propose a framework of distributed knowledge sharing
in digital ecosystem.

• Describe the knowledge stream in the framework and
propose to use Sharing Requirement to control the
knowledge stream with eco-features.

• Propose a scalable lattice-based algorithm to extract
hierarchical concepts in large and high-dimensional
data for knowledge sharing in digital ecosystem.
The rest of this paper is organized as follows. The framework of distributed knowledge sharing in digital ecosystem
is presented in the next section. Section 3 introduces the
basic concepts of concept lattice. Section 4 analyzes the
search space of formal concept and discuss how to partition
the search space of concept. The new algorithm of mining
concepts is introduced in section 5. We show the experimental results of the algorithm in section 6. The paper ends
with a short conclusion in section 7.

2 Framework for collaborative knowledge
sharing
In the digital ecosystem, the first challenge is ”what
knowledge we can share in the digital ecosystem”. Digital ecosystem is an open, demand-driven, self-organizing
collaborative environment. When we need to share some
knowledge, the system should provide the inherent or existing knowledge, or the system can investigate, compare,
summarize, merge, decompose and analyze the relevant
data, information or knowledge to extract the required
knowledge from data if the knowledge is previously unknown, implicit, hidden in large data. The system should
teach the participant to learn and understand the knowledge.
How to share knowledge is another challenge for collaborative knowledge sharing. We need to develop efficient,
dynamic, flexible and scalable models and services for distributed knowledge sharing in the digital ecosystems.
We introduce a framework (see figure 1) for collaborative knowledge sharing between participants of the ecosystem. The framework has the following features:
• Address the challenges for collaborative knowledge
sharing between participants of the ecosystem;
• Analyze the environment of sharing knowledge and
propose new platforms of sharing distributed knowl-

Knowledge is the core of the system of for collaborative
knowledge sharing. Knowledge discovery, knowledge generation, knowledge collection, knowledge transformation,
knowledge distribution, and knowledge sharing constitute a
cycle of knowledge sharing. We propose a framework for
distributed knowledge sharing (see figure 1) to control the
knowledge stream in the cycle in the digital ecosystems and
facilitate collaborative knowledge sharing.
The framework includes 6 parts: Infrastructure, Sharing platforms, Sharing requirement, Knowledge resource,
Knowledge engine and Knowledge Sharing. The core of
the framework is sharing platforms that provide the digital
eco-environment of collaborative knowledge sharing. We
propose the integration of community networks, organization networks and digital ecosystem networks three overlapped platforms for sharing distributed knowledge in digital ecosystems. The sharing platforms contain all digital
resource in the digital ecosystems so that the platforms can
afford the knowledge resource including various data, information and knowledge. Especially, the sharing requirements are derived from the sharing platforms.
Knowledge engine is for acquirement of knowledge that
responds to where and how to find knowledge. Knowledge
Sharing is for sharing knowledge in digital ecosystem. It
focuses on the answer to how to share knowledge.
We introduce the main parts of the framework in the following sections.

2.1

Sharing requirements

The digital ecosystem is an user-driven and demanddriven system. The source of sharing knowledge is sharing need. The digital ecosystem and participants of the
ecosystem all can produce the sharing requirements. The
requirements from participants of the ecosystem are specific sharing requirements. The features of ecosystem, selfadapting, self-organizing and self-management of the digital ecosystem can enable the sharing environment to automatically generate sharing requirements to recommend
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Figure 1. Framework of collaborative knowledge sharing

sharing knowledge to the participants of the ecosystem.
Sharing requirement service can analyze, interpret and
transform the different needs, organize Knowledge resource
and Knowledge engine to provide required knowledge, and
deploy Knowledge distributing and sharing. Sharing requirement service will control and balance other services
to adapt the sharing task according to the eco-features and
the features of sharing environment.

2.2

Sharing environment

The sharing environment is constituted by three different
and associated platforms: community networks, organization networks and digital ecosystem networks. The sharing environment is the base of knowledge sharing and it
facilitates to provide efficient, dynamic, flexible and scalable models and services for distributed knowledge sharing
in the digital ecosystems.
The organization networks provide a platform for local
knowledge sharing, mapping and storage by one organization, e.g. one enterprise. The community networks overlap
with organization networks to share distributed knowledge
by common topics for a community, e.g. OKS research
group. The digital ecosystem networks provide more wide,
open and dynamic knowledge sharing space by the integration of community networks, organization networks and
other knowledge that are not included in community networks and organization networks.
The sharing platforms provide an open, self-adapting,
self-organizing environment with the following services:
• Knowledge organization, classification and clustering
• Dynamic distributed knowledge indexing

• Dynamic description of knowledge with keywords, abstract, links and references
• Embedded engine of data mining
• Web-based searching and extracting

2.3

Knowledge engine

Knowledge engine is for acquirement of knowledge that
responds to where and how to find knowledge. Knowledge engine provides methods of knowledge searching if
the knowledge is already existed, and the techniques and
algorithms of data mining if knowledge is implicit in data.
When knowledge is acquired, Knowledge engine will provide the services of evaluation, interpretation for knowledge. Knowledge engine also contains learning service to
learn to adapt the environment and acquire and understand
sharing knowledge.

2.4

Knowledge sharing

Knowledge Sharing focuses on the answer to how to
share knowledge. Knowledge Sharing will provide the
methods, models and strategies to share distributed knowledge. Knowledge Sharing also has the services to trust,
accept, store, distribute and update knowledge in digital
ecosystem.

2.5

Infrastructure

In this framework, the basic infrastructure is Peer-to-peer
(or abbreviated P2P) architecture that is a type of network
in which each workstation has equivalent capabilities and
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Figure 2. Example of formal context
responsibilities. This differs from client/server architectures. Generally, P2P networks are used for sharing files,
but a P2P network can also mean Grid Computing. The
infrastructure of P2P provides a novel distributed environment, computational model, and unprecedented opportunities for unlimited computing and storage resources. It’s
distinguished from conventional distributed computing by
its focus on large-scale resource sharing, innovative applications, and, in some cases, high-performance orientation.
Grids can be used as effective infrastructures for distributed
high-performance computing and data processing. P2P environment provides high performance computing facilities
and transparent access to them in spite of their remote location, different administrative domains and hardware and
software heterogeneous characteristics. In this framework,
P2P provide the support of communication, computation,
data storage and data processing for distributed knowledge
sharing in digital ecosystem.

3 Concept lattice
In this section, we introduce some basic notions of concept lattice.
Definition 3.1 Formal context is defined by a triple
(O, A, R), where O and A are two sets, and R is a relation
between O and A. The elements of O are called objects,
while the elements of A are called attributes.
For example, Figure 2 represents a formal context
(O, A, R). O = {1, 2, 3, 4, 5, 6, 7, 8} is the set of objects, and A = {a1 , a2 , a3 , a4 , a5 , a6 , a7 , a8 } is the set of
attributes. The crosses in the table describe the relation R
of O and A.
A formal context is usually represented by the binary
data, but in practice, the values of attribute are not binary,
we can transform many-valued data context to binary values
context by concept scaling [7].

Definition 3.2 Two closure operators are defined as
O1 → O1!! for set O and A1 → A!!1 for set A.
O1! := {a ∈ A | oRa for all o ∈ O1 }
A!1 := {o ∈ O | oRa for all a ∈ A1 }
These two operators are called the Galois connection for
(O, A, R). These operators are used to determine a formal
concept.
Definition 3.3 A formal concept of (O, A, R) is a pair
(O1 , A1 ) with O1 ⊆ O, A1 ⊆ A, O1 = A!1 and A1 = O1! .
O1 is called extent, A1 is called intent.
Definition 3.4 We say that there is a hierarchical order between two formal concepts (O1 , A1 ) and (O2 , A2 ), if O1 ⊆
O2 (or A2 ⊆ A1 ). And (O1 , A1 ) is called the sub-concept
of (O2 , A2 ), or (O2 , A2 ) is called the super-concept of
(O1 , A1 ), if there is no concept (O 3 , A3 ), A2 ⊆ A3 ⊆ A1
or O1 ⊆ O3 ⊆ O2 .
All formal concepts with the hierarchical order of concepts form a complete lattice called concept lattice.
The concept lattice of the formal context of Figure 2 is
presented in Figure 3.
Definition 3.5 Given a formal context (O, A, R), (O 1 , A1 )
is a concept, the number of objects of (O 1 , A1 ) is called the
density of (O1 , A1 ).

4 Partitioning search space of concepts
In this section, we propose an approach to determine a
concept in a formal context and then study the hierarchical
order between each concept and its sub-concepts to analyze
how to partition the search space of concepts.
Definition 4.1 Given a context (O, A, R), an attribute a i is
called maximal attribute, if a i ∈ A, for all aj ∈ A, i %= j
and {ai }! %⊂ {aj }! .
It is easy to infer the following proposition from the definition 4.1.
Proposition 4.1 Given a context (O, A, R), if attribute
ai ∈ A and ai is a maximal attribute, and for all a j ∈ A,
i %= j and {ai }! %= {aj }! , then {ai } is the intent of concept
({ai }! , {ai }).
From the proposition 4.1, we have a simple approach to
determine a concept in the formal context (O, A, R):
• Merge the attributes that contain the same objects as a
single attribute;
• Find the maximal attributes in the merged context;
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Figure 3. Example of concept lattice

• Each maximal attribute must be an intent of concept.
Definition 4.2 Given a formal context (O, A, R), (O 1 , A1 )
and (O2 , A2 ) are two concepts. We say (O2 , A2 ) is more
dense than (O1 , A1 ) if the density of (O1 , A1 ) < the density
of (O2 , A2 ).
There are different methods to partition the search space
of concepts. We will explore our method by the following
objectives:
• The concepts more dense can be generated preferentially;
• The approach to determine a concept can be used in
subspaces.
Proposition 4.2 Given a concept (A !i , Ai ) of context
(O, A, R) and its sub-concept (A !ij , Aij ) where j =
1, 2, 3, ..., ((Aij −Ai )! , Aij −Ai ) is a concept in sub-context
(Ai ! , A − Ai , R).
Proof : Aij is an intent of sub-concept of (A !i , Ai ), then we
have Aij − Ai = (Aij − Ai )!! in the sub-context (A i ! , A −
Ai , R). Thus, Aij − Ai is an intent of concept in the subcontext (Ai ! , A − Ai , R). So ((Aij − Ai )! , Aij − Ai ) is a
concept in sub-context (A i ! , A − Ai , R).
Proposition 4.3 All sub-concepts of (A i ! , Ai ) can be generated from the sub-context (A i ! , A − Ai , R).

Proof : Given an concept (A !j , Aj ) of the sub-context
(Ai ! , A − Ai , R), (Aj ∪ Ai ) is an intent of sub-concept of
(Ai ! , Ai ). Thus all sub-concepts can be generated by the
intent of concepts of the sub-context (A i ! , A − Ai , R).
From above propositions, we can consider sub-contexts
as the subspaces of concepts. The sub-context can be
(Ai ! , A − Ai , R), (Ai ! , Ai ) is one super-concept. In each
sub-context or subspace, the maximal attributes or attributes
with high density can generate intent of concepts. For example (see figure 4), a 2 , a3 , a4 and a7 are maximal attributes in the sub-context of a 1 and they can generate the
intent of concepts: a 1 a2 , a1 a3 , a1 a4 and a1 a7 . Then the
sub-concepts of (a !1 , a1 )=(12345678, a1 ) are generated:
(12356, a 1 a2 ), (34678, a 1 a3 ), (5678, a 1 a4 ) and (1234,
a1 a7 ).
Definition 4.3 Given an attribute a i of context (O, A, R),
({ai }! , A−{ai }!! , R) is called projective sub-context of
ai .
We analyze the projective sub-contexts of a 1 a2 and a1 a3
(see figure 5 and figure 6).
In sub-contexts of a 1 a2 and a1 a3 , we can find that (36,
a1 a2 a3 ) is a common concept for two sub-contexts because
the sub-contexts are overlapping. To reduce the redundant
concepts, we do not change the projective sub-context of
a1 a2 , but remove a 2 from the projective sub-contexts of
a1 a3 to reduce the sub-context of a 1 a3 . Thus, all the concepts that include a 2 in the sub-context of a 1 a3 will not be
generated.

The summary of the main idea of partitioning the search
space is the reduced projective sub-contexts of high dense
concepts from top concept are the subspaces of concepts.
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5 Discovering concepts
Given a formal context, we propose a scalable algorithm
to generate concepts by following steps:
1) First of all, the algorithm needs to generate the ordered
context.
sub-context of a1 a2 :
({a1 a2 }! , A − {a1 a2 }, R)
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Definition 5.1 A formal context is called ordered context
if we order the attributes of formal context by number of
objects of each attribute from the smallest to the biggest
one, and the attributes with the same objects are merged as
one attribute. We note ordered context (O, A ! , R) of the
formal context (O, A, R).
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Ordered context can count the density of each attribute
and facilitate the generation of maximal attributes and reduced sub-contexts. Ordered context allows to generate
concepts according to dense priority: the concept more
dense will be generated preferentially.
2) The second step: from the ordered context, every maximal attribute forms an intent of concept of the first level.
We have the following proposition by the definition 5.1
and the proposition 4.1.
Proposition 5.1 Each maximal attribute of the ordered
data context (O, A! , R) is an intent of concept.
For example, the concept in first level for the formal context of figure 2 is a 1 . The density of (a !1 , a1 ) is 8.

This step is the core of the algorithm. For any subcontext, we only see about the maximal attributes that can
form the concept.
3) The third step: determine the number of partitions according to the size and dimension of data, or the user’s requirement. We can generate more partitions if data is large
or high-dimensional. The partitions are independent to generate concepts. The partition is the reduced sub-context.
The partitions can be generated from the concepts of first
level to the next level if we need.
4)The fourth step: in each partition, we will generate the
concepts from the reduced sub-context to all sub-contexts.
5) At the end, we can get all concepts from all partitions.
For example, the algorithm generates concepts (see figure 3) from the formal context of figure 2. In the first, we
generate the ordered context. Then we will partition the
search space of concept into 4 subspaces.
a1 is maximal attribute in the ordered context so
{a1 } is an intent of concept. All sub-concepts can be
generated from the sub-context in figure 4. The subcontexts ({a1 a2 }! , A−{a1 a2 }, R), ({a1 a3 }! , A−{a1 a3 }−
{a2 }, R), ({a1 a4 }! , A − {a1 a4 } − {a2 } − {a3 }, R) and
({a1 a7 }! , A − {a1 a7 } −{ a2 } −{ a3 }, R) are 4 subspaces
of searching concepts. The 4 subspaces are independent.
We can generate all concepts in each subspace. For example, in sub-contexts ({a 1 a2 }! , A − {a1 a2 }, R), we can find
intents: a3 , a7 , a7 a8 , a4 a6 . In whole context, we need to
add {a1 a2 } to each intent in sub-context to form the intent
of whole context. Therefore, a 1 a2 a3 , a1 a2 a7 , a1 a2 a7 a8 ,
a1 a2 a4 a6 are intents of the whole context. As we mine the
intent of concepts from the reduced sub-contexts, 7 redundant intents are avoided to be repeatedly mined in different
sub-contexts.

6 Experimental results
We have implemented the algorithm in Java to generate
concepts. We test the algorithm in some real data and simulation data. We compare the partitioning algorithm with
NextClosure algorithm [6]. Experimental comparisons of
lattice-based algorithms show that NextClosure algorithm
is one of the best for large and dense data [8, 5].
The preliminary experimental results in figure 7 show
the efficiency of the algorithm. In the the experimental results, the run time of partitioning algorithm is the total time
of all subspaces mining. The experimental results show the
partitioning algorithm is much faster than NextClosure algorithm.
Real data (see table 1) for our experiment comes from
machine learning benchmarks: UCI repository [3].
The algorithm is easy to be used to extract some interesting concepts according to the density of the concepts such
as big concepts or small concepts. For example, the figure

8 illustrates the run time to generate concepts with different
density on the dataset: dermatogogy.

7 Conclusion and further work
In this paper, we proposed a framework of distributed
knowledge sharing in digital ecosystem and developed a
scalable algorithm to generate hierarchical formal concepts
from large data in digital ecosystem. The algorithm can partition searching space of concepts into independent reduced
subspaces and then extract concepts in each subspace. The
experimental results show the algorithm is efficient to generate formal concepts in large data.
The future work will focus on development of distributed
algorithms to analyze huge and heterogeneous distributed
data for distributed knowledge sharing in digital ecosystem.
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