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Abstract. In order to effectively disseminate task-relevant and process-scope 
knowledge, knowledge-intensive enterprises adopt knowledge flows to explicitly 
represent workers’ knowledge needs and referencing behavior of codified 
knowledge during the execution of business tasks. However, due to differences in 
expertise and experience, individual workers impose varied knowledge needs on 
the knowledge flows directed by the workflows they participate in. This study 
proposes a model of workflow-aware knowledge-flow views, i.e. virtual 
knowledge flows abstracted from workflow-driven knowledge flows, to provide 
adaptable knowledge granularity. Moreover, a text mining approach is developed 
to derive knowledge-flow views from codified knowledge objects of knowledge 
flows, such as documents. Both task knowledge semantics and task execution 
sequences are utilized to evaluate the degrees of workers’ knowledge demands in 
workflow contexts. Knowledge management systems can thus present different 
abstracted knowledge flows to diverse workflow participants, and facilitate 
knowledge sharing and collaboration. 
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1 Introduction 

In knowledge-intensive work environments, workers require task-relevant knowledge 
and documents to support their execution of tasks. Thus, effectively fulfilling 
workers’ knowledge-needs by preserving, sharing and reusing task-relevant 
knowledge is essential for realizing knowledge management and promoting business 
intelligence. Organizations can provide task-relevant knowledge through knowledge 
flows (KF), which represent the flow of an individual or group’s knowledge-needs 
and referencing behavior of codified knowledge during task execution. 

Numerous recent studies have focused on KF models and applications in business 
and academic contexts. One major research theme focuses on knowledge sharing 
among knowledge workers. For example, researchers cite prior studies and propose 
new ideas through publishing papers, thereby creating KFs in the realm of science [1]; 
and in the business domain, KFs facilitate knowledge sharing during the execution of 
tasks [2]. By analyzing workers’ knowledge-needs, KFs can be discovered, and used 
to recommend appropriate codified knowledge [3]. 
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When a task involves teamwork, knowledge workers have different roles and task 
functions, so they usually have diverse knowledge-needs. However, conventional KF 
models do not provide different KF perspectives to fulfill team members’ diverse 
needs. Although several KF models have been proposed, they do not consider the 
concept of virtual KFs. Our previous work [4] proposed a KF view model for the 
construction of virtual KFs to serve workers’ knowledge-needs. Virtual KFs are 
derived from a KF, and provide abstracted knowledge for different roles. 

However, our prior work is generally a manual, expert-based method. Moreover, 
the links between KF views and codified knowledge objects are missing, and workers 
will not know where to access concrete knowledge documents. Hence, we revise the 
KF view model, and present a text mining approach to deriving KF views. Generally, 
codified knowledge objects, such as documents that include semantic content, are 
exploited. Text similarity measures are employed to estimate knowledge demands for 
different roles. Then, concept distributions in different tasks are used to identify 
descriptive topics for representing virtual knowledge nodes. This work contributes to 
a comprehensive KF view model and data-driven algorithms for generating KF views. 

2 Related Work 

Knowledge flow (KF) research focuses on how KFs transmit, share and accumulate 
knowledge in a team. KFs reflect the level of knowledge cooperation between 
workers or processes, and influence the effectiveness of teamwork or workflow [2]. 
Sarnikar and Zhao [5] developed a knowledge workflow framework to automate KFs 
across an organization by integrating workflow and knowledge discovery techniques. 
Luo et al. [6] designed a textual KF model for a semantic link network. They can 
recommend appropriate browsing paths to users after evaluating their interests and 
inputs. KFs also express the sequence of information-needs and knowledge reference 
patterns when workers perform tasks. Lai and Liu [3] constructed time-ordered KFs 
from document access logs for modeling workers’ knowledge referencing behavior 
and recommending task-relevant knowledge to workers. 

Workflow technology supports the management of organizational processes. Due 
to the increasing complexity of workflows and the variety of participants, there is a 
growing demand for flexible workflow models capable of providing appropriate 
process abstractions [7-9]. Our previous works [7] generated process-views, virtual 
processes, by an order-preserving approach to preserve the original order of tasks in a 
base process. A role-based method [10] was also proposed to discover role-relevant 
process-views for different workers. We further applied the process-view model for 
KFs to construct KF views [4]. However, our prior studies required expert 
involvement. Flow designers had to select seed nodes to be concealed to derive virtual 
nodes. Some profiles and parameters had to be manually specified to evaluate role-
task relevance. Moreover, maintaining a specific ontology for the generalization of 
knowledge nodes is labor-intensive and unfeasible in the rapidly changing business 
environment. 
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3 Modeling Virtual Knowledge Flows 

3.1 Knowledge Flow and Knowledge-Flow Views 

A KF that may have multiple KF views is referred to herein as a base KF. A KF view 
is generated from either base KFs or other KF views, and is considered a virtual KF. 
Fig. 1 illustrates knowledge sharing based on KF views. Assume that the base KF 
shown in Fig. 1 is the KF of a software development workflow. Marketers do not 
need to know every concept in the KF, although they must know software quality 
topics in order to better serve customers. An appropriate KF view can be derived for 
the sales representatives as follows: kn1 to kn3 are mapped into vkn1; kn4 and kn5 are 
mapped into vkn2; kn6 and kn7 are mapped into vkn3. KF views present codified 
knowledge at suitable granularity; thus, different participants can have their own KF 
views serving their individual needs. 

  

Fig. 1. Illustrative examples of knowledge-flow views 

 

Fig. 2. Knowledge-flow view model 

Fig. 2 illustrates how the components of our model are related. To reflect the 
progress of knowledge needs from the workflow aspect, a KF/knowledge 
node/knowledge link corresponds to a workflow/task node/task link. Knowledge 
concepts, i.e., key features that characterize codified knowledge objects, included in a 
knowledge node are the knowledge required by workers to fulfill the corresponding 
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task (node). For example, a document about usability study may be accessed by task 
node “Web testing”, thus the corresponding knowledge node may include a concept 
“user experience”, a representative topic of the document. Furthermore, a KF view 
has a corresponding base KF from which it is derived. Generally, a virtual knowledge 
node is an abstraction of a set of base knowledge nodes and links. 

3.2 Formal Definitions 

Definition 1 (workflow): A workflow WF is a 2-tuple TN, TL, where 
1. TN is a set of task nodes. Each task node may access a set of knowledge objects. 
2. TL is a set of task links. A task link is denoted by t-link(tnx, tny) to indicate that the 

routing can proceed from task node tnx to tny. Links t-link(tnx,∅) and t-link(∅,tny) 
denote that tnx and tny are start and end nodes, respectively. 

3. Path, adjacent, and ordering relation: A path is a sequence of task links. Two 
distinct task nodes tnx and tny are adjacent if t-link(tnx, tny) or t-link(tny, tnx) exists. 
For tnx, tny∈TN: (a) If there is a path from tnx to tny, then the ordering of tnx is 
higher than y, i.e., tnx precedes tny. Their ordering relation is denoted by tnx>tny or 
tny<tnx. (b) If no path exists from tnx to tny or from tny to tnx, then tnx and tny are 
ordering independent, denoted by tnx∞tny, i.e., tnx and tny proceed independently. 

4. Knowledge objects represent organizational codified knowledge such as 
documents and databases. Knowledge concepts signify topics or keywords that 
characterize their corresponding knowledge objects. That is, a set of knowledge 
objects KOx={ko1, …, kom} accessed by task node tnx are characterized by a set of 
knowledge concepts KCx={kc1, …, kcn}. 

5. An organizational role, i.e., an abstraction of workers, is represented by a set of 
knowledge objects to indicate its required background knowledge or experience. 

Definition 2 (knowledge flow): A knowledge flow KF is a 2-tuple KN, KL, where 
1. KN is a set of knowledge nodes. A knowledge node knx contains a set of knowledge 

concepts extracted from their corresponding knowledge objects, i.e., knx = 
{knowledge concept kci | kci∈KCx′, KCx′⊆ KCx, and KCx is the set of concepts 
extracted from the knowledge objects (KOx) accessed by task node tnx}. 

2. KL is a set of knowledge links. A knowledge link, denoted by k-link(knx, kny), 
indicates that knowledge access proceeds from knowledge node knx to kny. The 
definitions of path, adjacent, and ordering relation in the knowledge flow are 
similar to those in workflow, and are omitted for brevity. 

Definition 3 (knowledge-flow view). A knowledge-flow view KFV is a 2-tuple VKN, 
VKL, where VKN is a set of virtual knowledge nodes and VKL is a set of virtual 
knowledge links.  

According to the different properties of a KF, various methods can be developed to 
derive a KF view. Since task execution sequence (i.e. sequence of knowledge access) is 
a crucial property for business applications and analysis, our previous work, an order-
preserving abstraction approach [7], is adopted to generate KF views. Intuitively, a 
virtual knowledge node/link is an aggregation of a set of base knowledge nodes/links. 
The approach ensures that the original knowledge access order revealed in a base KF is 
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preserved. Namely, the ordering relation between two virtual knowledge nodes held in a 
KF view infers that the ordering relations between the respective members of these 
virtual activities hold in the base KF. The formal definition is described below. The 
proof of KF view order preservation is similar to that for process-view [7], and is 
omitted. Cyclic cases are also referred to [7]. In addition, task boundaries are utilized 
while the derivation of knowledge concepts for KF views (cf. Section 4.3). Therefore, 
the derived knowledge-flow view is workflow-aware, since task boundary and 
execution sequence are considered during the abstraction process. 

Definition 4 (order-preserving knowledge-flow view): Given a knowledge flow KF 
= KN, KL, a knowledge-flow view KFV is a 2-tuple VKN, VKL, where 
1. VKN is a set of virtual knowledge nodes. A virtual knowledge node vknx is a 3-

tuple KNx, KLx, KCx, where  
(a) Members of KNx are knowledge nodes or previously defined virtual knowledge 

nodes. For any kni ∈ KN, kni ∉ KNx, ordering relation ℜ ∈ {<, >, ∞}: if ∃ knj ∈ 

KNx such that kni ℜ knj holds in KF , then kni ℜ knk holds in KF  for all knk ∈ 

KNx. This means that the ordering relations between kni and all members (base 
knowledge nodes) of KNx are identical in KF. 

(b) KLx = {k-link(kni, knj)| kni, knj∈KNx and k-link(kni, knj) ∈ KL}. 
(c) KCx = {knowledge concept cj | cj∈∪KCi′, ∀kni ∈ KNx, KCi′⊆ KCi, and KCi is 

the set of concepts associated with knowledge node kni}. 
2. VKL is a set of virtual knowledge links. A virtual knowledge link from vknx to vkny, 

denoted by vk-link(vknx, vkny), exists if k-link(kni, knj) exists, where kni is a 
member of vknx, and knj is a member of vkny. 

4 Discovering Virtual Knowledge Flows 

Based on the above definitions, this section describes the procedure and algorithms 
for discovering KF views. 

4.1 Estimating Knowledge Demands 

Knowledge needs are subjective, and can be obtained from explicit user profiles or 
from implicit search and browsing logs. As an exploratory study, we simply utilize 
text similarity as the base for estimating knowledge demands. The basic idea is 
inspired by novelty-based recommendation. As shown in Fig. 2 and Definition 1, each 
role is associated with a set of knowledge objects as background knowledge or 
experience. Thus, a role is signified by its associated knowledge objects. Knowledge 
objects of knowledge nodes are less understandable to a role if they are less similar to 
the role profile, and vice versa. The more unfamiliar knowledge nodes must be 
abstracted to provide more general concepts in order to enhance knowledge 
comprehensibility and sharing. Without loss of generality, we may use documents to 
represent knowledge objects. 

The vector space model has been applied in many content-based recommendation 
systems and information retrieval applications. Features (terms) of knowledge objects 
are extracted after stop-word removal, stemming and term weighting. Each codified 
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knowledge object is described by a term vector comprised of representative terms and 
their term weights. We employ the well-known tf-idf approach to calculate term 
weights. The weight of term ti in document dj is wij = tfij×log(FD/fDi), where tfij denotes 
the term frequency of term ti in document dj; fDi is the number of documents that 
contain the specific term ti; and FD is the total number of documents. The similarity 
between documents is usually measured by the cosine similarity measure. Two 
documents are considered similar if the cosine similarity score is high. The cosine 

similarity of two documents, d1 and d2, is sim(d1, d2) = 1 2 1 2d d d d
   
  , where 1d


 and 

2d


 are the feature vectors of d1 and d2, respectively. 
The understandability degree of a knowledge node with regard to a role is 

estimated according to the text similarity of knowledge objects. We use the average 
similarity between knowledge nodes and roles as the understandability value. That is, 
und(knx,r) = ( ( , ))xkn r

m navg sim d d , ,xkn r
m x nd kn d r∀ ∈ ∀ ∈ . 

4.2 Generating the Knowledge-Flow View Structure  

Based on the degrees of understandability, roles’ KF views can be derived. Algorithm 
1 determines the set of virtual knowledge nodes of a KF view from a base KF. The 
process begins with the highest ordering nodes in the base KF (line 8). When the total 
understandability degree of a set of base nodes approximates the granular threshold 
TH, a virtual node is found (line 9). Total understandability degree is the sum of 
understandability degrees of a set of base nodes. Namely, und(KN, r) = und(knx, r) 
∀knx ∈KN. Granular threshold TH determines the granularity of generated KF views. 
When the sum of the understandability degrees of some base nodes approximates the 
threshold value, these nodes can form a virtual node, which is deemed to be 
sufficiently understandable to the role. A larger TH corresponds to the generation of 
fewer virtual nodes (and more base nodes included in a virtual node). The above steps 
are repeated against residual base nodes until virtual nodes cover all the base nodes of 
the base KF. Thus, the virtual knowledge node set of the target KF view is found.  

Algorithm 1 (The generation of virtual knowledge node set) 
1: input: a base knowledge flow BKF = BKN, BKL; und(knx) ≤ TH, ∀knx ∈ BKN 
2: output: the set of virtual knowledge node (VKN) of a KF view VKF = VKN, VKL 
3: begin  
4: i ←1, VKN←∅ 
5: repeat 
6: vkni = KNi , KLi ← ∅ , ∅ 
7: residual knowledge node set RKN←BKN−{knx | ∃ vkni  s.t. knx ∈ vkni} 
8: select a highest ordering node knx from RKN 
9: vkni ←getVirtualNode(knx, RKN, BKF) 
10: VKN←VKN ∪{vkni},  i ←i + 1 
11: until  ∀knx ∈ BKN, ∃ vkni  s.t. knx ∈ vkni 
12: return VKN 
13: end 

Algorithm 2 (genVirtualNode) discovers a virtual knowledge node. Initially, KN 
contains only the given base node knx (line 3). KN is updated during the while loop 



86 M. Shen and D.-R. Liu 

 

(lines 7~15) by adding the adjacent nodes that cause KN to satisfy three conditions: 
the order-preserving property (line 10, cf. [7]); the threshold of total understandability 
degree; and that it does not overlap with previously derived virtual activities. The 
repeat-until loop (lines 4~16) continues until no other adjacent nodes are added to KN. 

 

Algorithm 2 (The generation of a virtual node) 
1: getVirtualNode(seed node kns, residual knowledge node set RKN, BKF=BKN,BKL) 
2: begin 
3: vkn = KN, KL ← {kns}, ∅ 
4: repeat 
5: temp knowledge node set TKN ← KN 
6: adjacent node set AKN←{knx| knx, kny∈RKN, knx∉KN, kny∈KN, k-link(knx,kny) or 

k-link(kny, knx) ∈ BKL} 
7: while AKN  is not empty  do 
8: select an base node knx from AKN 
9: remove knx  from AKN 
10: KNtmp←getOrderPreserVN(KN ∪{knx}, BKF) //generate order-preserving virtual node 
11: if  ( und(KNtmp) ≤ TH ) and (KNtmp ⊆ RKN ) then //check threshold  
12: KN ← KNtmp 
13: AKN ← AKN − {kny|kny∈AKN∩ KN} 
14: end if 
15: end while 
16: until KN = TKN 
17: link set KL ← { k-link(knx, kny) | knx, kny ∈ KN, and k-link(knx, kny) ∈ BKL} 
18: return vkn = KN, KL 
19: end 

4.3 Generating Knowledge-Flow View Content  

Finally, knowledge concepts are derived to represent (virtual) knowledge nodes. As 
described in Section 3.1, a knowledge node corresponds to a collection of knowledge 
objects that are accessed by the corresponding task node. Knowledge concepts of a 
knowledge node are the representative topical words generated from the 
corresponding knowledge objects. 

Whether a word/phrase is an appropriate topic for a knowledge node is determined 
from a single knowledge node and the whole KF aspects. For example, “JUnit” is 
better than “test case” to represent “unit testing” in a software testing KF. That is, task 
(knowledge node) boundaries are the curtail factor for selecting suitable keywords 
from knowledge objects. Therefore, term statistics of inter- and intra-knowledge 
nodes are used to identify representative knowledge concepts. 

First, in order to increase the comprehensibility of KFs and views, documents are 
mapped to Wikipedia concepts. That is, only Wikipedia terms in the text are 
recognized as candidates. Wikipedia dumps are utilized for the term extraction. 

Next, term distributions of intra-knowledge nodes are measured by term frequency 
(tf). Moreover, term statistics of inter-knowledge nodes are measured by inverse node 
frequency (inf). Term ti’s inf = log(FN/fNi), where FN is the number of knowledge  
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nodes, and fNi is the number of knowledge nodes that contain term ti. Finally, 
candidate terms are ranked according to tf-inf: tf-inf of term ti in node nj is wij = 
tfij×log(FN/fNi), where tfij is the frequency of term wi in node nj. The main difference 
between base and virtual knowledge nodes is the boundary of nodes, and thus the 
knowledge concept generation process is the same for KF and KF views. 

5 Conclusions 

This work presents a KF view model for knowledge sharing and navigation. 
Knowledge granularity of KFs is adapted to the needs of workflow participants. 
Workers can thus obtain helpful views of a large and complex KF. To support the 
discovery of role-relevant KF views, this work utilizes text similarity of knowledge 
objects to measure the degrees of understandability between roles and knowledge 
nodes. Task execution sequence and knowledge access order are preserved while 
generating abstracted KFs. Moreover, task boundaries are employed to derive 
representative knowledge concepts for knowledge nodes. Therefore, role-relevant KF 
views are automatically generated using the proposed algorithms. Accordingly, 
knowledge management systems can disseminate KFs at suitable granularities for 
various organizational roles. 
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