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Abstract— For today’s business organizations, workflow mod-
els play important roles in analyzing the productivity, evaluating
the performances and costs, optimizing the business operations,
and supporting evolving services and products. Workflow min-
ing, the process of empirically extracting structured process
descriptions from a set of real executions, thus has attracted a
lot of attention recently. However, there are several challenges
that have not been fully addressed in the previous research: i)
How can we mine process models with optional tasks? ii) How
can we efficiently use new available workflow log data to incre-
mentally update pre-existing workflow models or to complete
previous partial process models? iii) How can we compare two
different workflow models of similar organizations?

In this paper, we present our research efforts to address
the above challenges. We present a workflow mining algorithm
that is able to mine process models with optional tasks and
propose an incremental workflow mining algorithm based on
intermediate relationships such as ordering and independence.
The intermediate relationships can also be used to facilitate the
comparison of two process models. We illustrate our algorithms
on example data derived from real world applications.

I. INTRODUCTION

Today’s business organizations are characterized by
global, dynamic, uncertain and error-prone environments. In
order to compete in such contexts, business organizations
are usually driven by explicit workflow process models [11].
Generally, a process is a set of tasks to be accomplished,
where every task might have pre-requisites within the
process that have to be fulfilled before execution [1].
Process models are typical representations of process
instances and they specify the casual, sequential as well as
dependency relationships among tasks.

In practice, process models ! are crucial in determining the
way in which the resources of an organization are used and
they play an important role in analyzing the productivity,
evaluating the performances and costs, optimizing the
business operations, and supporting evolving services and
products [2]. However, the non-transparency of cause-effect
relationships that describe the effects of process changes is
the big barrier for maintaining and optimizing the process
model [11]. In addition, there are discrepancies between the
actual workflow processes and the processes perceived by

This work is partially supported by a 2005 Xerox University Affairs
Committee (UAC) Award and NSF CAREER grant 11S-0546280.

*School of Computer Science, Florida International University, Miami,
FL 33199, USA {wsun001, taoli, wpeng002}@cs.fiu.edu

**Adaptive & Smart Document System Lab, Xerox Inno-
vation Group, Xerox Corporation, Webster, NY 14580, USA
Tong.Sun@xeroxlabs.com

UIn this paper, we use workflow model and process model interchange-
ably.

1-4244-0100-3/06/$20.00 ©2006 IEEE

the management [2].

Therefore, workflow mining, the process of empirically
extracting structured process descriptions from a set of real
executions, is of great interest recently. Although a lot of
work has been reported on workflow mining [1], [2], [3],
[4], there are several challenges that have not been fully
addressed:

1) How can we mine process models with optional tasks?
For real applications, workflow models can contain
optional tasks. Such process models can not be ex-
tracted using existing algorithms as described in [1],
[2]. For example, in a medical workflow model shown
in Figure 1, the lab test is optional: the lab test is
required only when a patient has diabetes and is 50
years old.

lab test
examine patient

—O

deliver report

make appointment

prepare patient

Fig. 1. The medical workflow example with optional tasks.

2) How can we efficiently use new available workflow
log data to incrementally update pre-existing workflow
models or to complete previous partial process models?
Incremental update and completion will allow us to
take advantages of the legacy (pre-existing) models and
human expertise while reflecting the current practice of
the system. In addition, everytime new type of service
or product is provided/deployed, the process model
needs to be updated.

3) How can we compare two different workflow models
of similar organizations? In order to stay competitive,
organizations want to learn from the successful pro-
cesses of others to optimize the business operations.

In this paper, we present our research efforts to address the
above challenges. Specifically, we first present a workflow
mining algorithm that is able to mine process models with
optional tasks; we then propose an incremental workflow
mining algorithm based on intermediate relationships such as
ordering and independence. The intermediate relationships
can also be used to facilitate the comparison of two process
models.

The rest of the paper is organized as follows: Section II
introduces the workflow mining algorithm that is able to
mine process models with optional tasks, Section III pro-
poses an incremental workflow mining algorithm based on
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intermediate relationships, Section IV presents our experi-
ment results, Section V surveys related work, and finally
Section VI presents our conclusions.

II. WORKFLOW MINING ALGORITHM

In this section, we describe the workflow mining algorithm
that is able to mine process models with optional tasks. Sec-
tion II-A discusses the limitations of existing process mining
algorithms, Section II-B introduces the basic concepts of
workflow nets, Section II-C presents the details of the mining
algorithm.

A. Limitations of Existing Algorithms

Casel = aypv

Where a,B.y.p.v
Case2 = apyv B.v.nv are sequences of tasks
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Fig. 2. Problem with Workflow Mining Algorithm Presented in [7].

As we mentioned in Section I, there are some limitations
of existing algorithms as they can not mine process models
with optional tasks. Figure 2 illustrates some limitations
of the algorithm proposed in [7]. Figure 2(a) describes
a type of workflow logs with optional tasks. Figure 2(b)
depicts the workflow model constructed from the workflow
log in Figure 2(a) by the algorithm described in [7].
The constructed workflow model can not produce the
corresponding workflow log. Figure 2(c) and Figure 2(d)
further illustrate this limitation by a concrete example. The
workflow model shown in Figure 2(d) can not generate
Casel(A,C,D,E) and Case2(A,B,C,E) in the workflow log
shown in Figure 2(c). The workflow model shown in
Figure 2(d) can only produce Case(A,B,C,D,E).

In other words, the workflow model with the optional
pattern % cannot be mined using the algorithm described in
[7]. However these patterns are very important in practice.
For example, in a travel agency, when a client finds that
he/she is not interested in the information provided by an
agent, the system should allow him/her to leave, then the

2In this paper, the optional pattern means some tasks are optional.

remaining tasks will become optional. The places where
the client decides to leave are important for improving the
business process because those places might indicate where
the service should be improved.

Case1 = aypv

Where a,B,y.u.v
Case2 = apyv B.y.u.v are sequences of tasks

(a) Workflow log with optional tasks

AO subgraph for o5 subgraph for f AO subgraph for

I o B R B

AO subgraph for y AO subgraph for v
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(c) Workflow log example
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Fig. 3. Problem with Workflow Mining Algorithm Presented in [1].

For the probabilistic workflow mining algorithm presented
in [1], there are similar problems as shown in Figure 3: the
workflow models with optional tasks can not be mined.

In the rest of the section, we will propose a workflow mining
algorithm to address the above problems.

B. Workflow Nets

In workflow models, there exist different relationships
between the tasks: sequential, parallel, mutually exclusive.
Some tasks can be cyclic or optional. Workflow models
should capture these relationships between the tasks. In this
paper, we choose Petri nets [8], [9], [10] as the representation
of workflow models. The reasons for specifying the workflow
models by using Petri nets are stated in [12]: Petri nets are
formal, have associated analysis techniques, and are state-
based rather than event-based. There are many classes of
Petri nets [8], [9], [10]. In the following, we will give a
brief introduction of Petri Net used in our paper.

Definition 2.1: (Petri Nets) A Petri net is a tuple(PRT,F)
where:

1) P is a finite set of places,

2) T is a finite set of transitions such that P N T = 0,

and

3) FC (P x T) U(T x P)is a set of directed arcs, called

the flow relation.

Definition 2.2: (Marking of a Petri net) Places in a Petri
net may contain so-called tokens. The function from the
place set P of a Petri net N to the natural number is called
a Marking (M) of N. For any place p in P, M(p) denotes the
number of tokens in this place. '

Definition 2.3: (Preset, Postset) Let N=(P,T,F) be a Petri
net. Forany x c PU T:

o *x={yePUT|(y,x)€F} (preset of x) and

o x*={y€PUT|(x,y)€F} (postset of x)
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Definition 2.4: (Firing rule) Let N=(P,T,F) be a Petri net,
M be a marking of N, and t € T:

e M enables t iff *t<M

e M is reachable from M by fifing t (denoted by MtM;)

iff M enables t and M} =M - °t + t*

Definition 2.5: (Firing sequence) Let N=(P,T,F) be a Petri
net and My be an initial marking of N. A sequence o € T* is
called a firing sequence of (N, Mp) iff there exist markings
M,,...,.M, and transitions t,...,t, € T such that ¢ =t;...t,
and for all i with 0 <i<n:t is enabled by M; and M; | =
M; = tiyy +17

Let the transition set T in Petri nets represents a set of
tasks. The firing sequence of Petri nets [8], [9], [10] is a
workflow execution trace. Since there is no corresponding
construct in Petri Nets for each kind of hidden states (and-
split, and-join, or-split and or-join [11]), we model them as a
piece of Petri Nets shown in Figure 4. The added transitions
do not represent real tasks. They are just used to represent
the hidden states (split and join tasks). So the transitions in
the Petri net used in our algorithm include not only tasks
appearing in workflow log, but also some hidden states.
Workflow nets (modeling the control flow of a workflow)
are then defined as follows:

= o

Tand1

N and joint
E Tandm

Tor1

or split

Slak

o Tor1
; or joint
Torm

Fig. 4. Modelling and-split, and-join, or-split and or-join with Petri Nets

Definition 2.6: (Workflow nets [7]) Let N=(P,T,F) be a
P/T net and £ a fresh identifier not in P U T. N is a workflow
net (WF-net) iff:

« object creation: P contains an input place i such that

*i=0

« object completion: P contains an output place o such

that 0* =0

o connectedness: N = (P,T U {t},F U {(o,),(f,i)}) is

strongly connected.

C. Workflow Mining Algorithm

The workflow model in our algorithm will be represented
by workflow nets. There are some assumptions about our
workflow nets N=(P,T,F):

e For all x € PUT, there is no sequence xg,...,X, so that

x; € PUT and (x,xi41) € F where 0 <i<n and x =
X0 = Xy.

o For all x € PUT, if |[x*| > 1, there exists y € PUT so
that there is a path from any element in x* to y.

o If xoy and xoy are two paths in N, z is any node of
workflow net and there exists a path from any node in
a sequence ody to z, then there is a path from y to z
or a path from z to y.

The first condition makes sure that the workflow net has
no cycle. The last two conditions essentially enforce nesting
of threads. These constraints on workflow graph are often
adopted in workflow mining literatures [1], [14], [15], [16].
The input to our workflow mining algorithm includes an
ordering oracle O and an independence oracle 1. O(T1,T»)
describes the ordering relationship between 7; and T,. For
example, if 77 always happens before T,, O(T;,T>) will be
true. If 77 and 7> can not happen in one workflow trace,
O(Ti,T>) should be exclusive. I(T},T»,T) describes if T
and 7, are independent conditioned on task T. Details about
ordering oracle and independence oracle are discussed in [1].
Our workflow mining algorithm are built upon [1]. The main
difference is that: in our algorithm, optional patterns can
be mined and the workflow model is represented by the
workflow net. When we add a hidden state, we will add
a piece of Petri nets representing this hidden state. The
challenge is how to mine the optional pattern. Details will
be discussed in Section II-C.2.

Algorithm LearnWorkflowNet
Input O, an ordering oracle for a set T of tasks;
I, an independence oracle for T;
Output N, workflow net
. N=(9,0,0) and G is a graph (V,E) where V=T and E=Q
E(G)—E(G)U{(t1,t2)|O(t1,t2)=true and O(t2,t1)=false)}
CurrentBlanket={t|vt1e T:(t1,t)¢ E(G)}
T(N)«—T(N)UCurrentBlanket
OptionalSet—@
(N, SplitNode,OptionalSet)«HiddenSplits(N,
CurrentBlanket,O,OptionalSet)
7. if SplitNode is transition
8. Create a new place p
9. add arc (p, SplitNode) to N
10. V(G)«V(G)-CurrentBlanket
11. While V(G)»0
12.  NextBlanket—GetNextBlanket(CurrentBlanket,G,0,!)
13.  T(N)«<T(N) U NextBlanket
14.  Ancestors—Dependencies(CurrentBlanket,NextBlanket,O,)
15.  (N,OptionSet)—InsertLatents(N,CurrentBlanket,
NextBlanket,Ancestors,O,OptionalSet)
16. G<—G-NextBlanket
17. Let CurrentBlanket be the subset of T whose elements donot
have a childin N
18. (N, JoinNode)—HiddenJoins(N,CurrentBlanket,O)
19. if JoinNode is transition
20. Create a new place p
21.  add arc(JoinNode, p) to N
22. N« addOption(N, OptionalSet)
23. Return N

ouhwnN =

Fig. 5. LearnWorkflowNet: an algorithm for Learning Workflow Net
1) Brief Description of Workflow Mining Algorithm:
The main algorithm LearnWorkflowNet is described in
Figure 5. The algorithm makes reference to the algorithms
given in Figures [6-9]. The algorithm iteratively adds nodes
(places and transitions) to a partially-built worklow net in
a specific order. First, we build the ordering relationship
graph G based on the ordering oracle. The tasks without
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Algorithm GetNextBlanket

Input CurrentBlanket, a set of tasks;
G, a DAG encoding ancestral relationships;
O, an ordering oracle;
I, an independence oracle;

Output  NextBlanket, a subset of the tasks in G

1. E(G)«E(G)-{(t1,t2)c E(G)|vte CurrentBlanket: O(t,t1)=exclusive and
O(t,t2)=exclusive and I(t1,t2,t)}

2. NextBlanket = {tjvtie T:(t1,t) ¢ E(G)}

3. Return NextBlanket

Fig. 6. GetNextBlanket: an algorithm to identify the next set of tasks to
be added

InsertLatents

N, a Peti Net;

CurrentBlanket, NextBlanket, two sets;

AG, an ancestral DAG;

O, an ordering oracle;

OS, optional set

N, a Petri Net

OS, optional set

1. For every task te NextBlanket

2 Siblings«{t1c NextBlanket|3 tze V(AG):(t2,t) e E(AG),(t2,t1)e E(AG)}
3 AncestralSet«—{t1e V(AG)|vtze V(Siblinigs): (t1,tz)e E(AG)}

4. (N, JoinNode)«—HiddendJoins(N, AncestralSet, O);

5. (N, SplitNode,0S)«—HiddenSplits(N,Siblings,0,08));
6.
7
8
9

Algorithm
Input

Output

If JoinNode is place and SplitNode is transition or reversely
add arc (JoinNode, SplitNode) to N

Else if both JoinNode and SplitNode are places
Create a new transition t and add it to N

10. add arcs (JoinNode,t),(t, SplitNode) to N

11.  Else if both JoinNode and SplitNode are transitions
12. Create a new place p and add itto N

13. add arcs (JoinNode,p),(p, SplitNode) to N

14.  NextBlanket—NextBlanket-Siblings
15. Return (N,0S)

Fig. 7. InsertLatents: an algorithm to introduce hidden tasks between two
sets tasks

any ancestor will be identified as CurrentBlanket in Step
3 of Figure 5. The hidden relationship between them (i.e.,
AND-splits and OR-splits) will be discovered by algorithms
HiddenSpits in Figure 9 and SplitStep. The main function
of algorithm SplitStep is to insert a piece of Petri Net
representing a required split node. The hidden states will
be replaced by a piece of Petri nets given in Figure 4. At
the same time, we identify the first tasks of the workflow
log not included in CurrentBlanket when we get rid of the
existing tasks in the current workflow net. The description
of algorithm Optional is not given for the space limitation.
If there are such tasks, there exists an optional pattern:
because there are paths from CurrentBlanket to those tasks
and thus the tasks along the paths are optional.

For each iteration (Steps 11-16), CurrentBlanket contains
all and only the leaves of the current workflow net N. The
next step is to find a set of tasks which will be added to N.
The algorithm GetNextBlanket given in Figure 6 will find
them. We then need to identify which tasks in NextBlanket
are the descendants of the tasks in CurrentBlanket. This is
done by the algorithm Dependencies which is not described
in the paper due to the page limitation. The algorithm
Dependencies returns a DAG representing the ancestral
relationship between the tasks in CurrentBlanket and in
NextBlanket. The algorithm InsertLatents in Figure 7 will
find hidden join/split tasks between CurrentBlanket and
NextBlanket.

Algorithm AddOption

Input N, workflow net;
OptionalSet, an optional Set;

Output N, workflow net

1. For each element x in OptionalSet

2 For each element y in x3

3 create a transition t and add it to N

4 add arcs (x1, t), (t, y1) to N

5. X3 x3-{y}

6. If tex2

7 create a transition t and add it to N

8 add arcs (x1, t), (t, z) to N where postSet(z) is empty

9. Return N

Fig. 8. AddOption: an algorithm to add optional pattern

Algorithm HiddenSplits
Input N, a Petri Net;
S, a set of nodes;
O, an ordering oracle;
OptionalSet, a set;
N, a Petri Net
NewSplit, Node
OptionalSet, a set;
(N, NewSplit)«— SplitStep(N,S,0)
For each element x € OptionalSet
if(x2NS#0)
if NewSpilit is transition
Create a place p and add itto N
add (p, NewSplit) to N
NewSplit—p
X2 «—X2-S
x3«—x3 (NewSplit,S)
10. Optional—Optional(N,CurrentBlanket)
11. If Optional is not empty

Output

©CONOIOAON=

12. if NewSplit is transition

13. Create a place p and add it to N
14. add (p, NewSplit) to N

15. NewSplit<—p

16. OptionalSet—OptionalSet L {(NewSplit, Optional @)}
17. Return (N, NewSplit, OptionalSet)

HiddenSplits: an algorithm for inserting required split nodes

The main algorithm iterates until all observable tasks are
added to the transition set of the workflow net. From the
definition of workflow nets, there should be a final place to
which there exists a path from every task. If the workflow net
does not end with a single place, the algorithm HiddenJoins
will complete the workflow net with a single place. The main
function of algorithm HiddenJoins is to insert a piece of
Petri Net representing a required join node.

2) Optional Pattern Discovery: In this section, we will
describe how the optional pattern is discovered by our
algorithm. With only ordering and independence oracles,
we cannot find optional patterns. We need more information
from the workflow log. When the tasks in CurrentBlanket
are added to the workflow net, these tasks will be removed.
When we get CurrentBlanket, the workflow traces in current
workflow log should start with CurrentBlanket if there is no
optional pattern. If there are workflow traces starting with
the tasks not included in CurrentBlanket, it is possible that
such traces contain noise.

We assume a threshold for the frequency of these workflow
traces. If the frequency of these workflow traces is higher
than the threshold, there exists an optional pattern. We record
them in OptionalSet when the algorithm HiddenSplits is
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executed. Because we assume that the workflow structure is
nested, it cannot reach internal points of the nested structure
from outside. Every time when we split the CurrentBlanket,
we will check if CurrentBlanket is contained in OptionalSet.
If it is, we will obtain an optional pattern and register
such information in OptionalSet. At the end of the algo-
rithm LearnWorkflowNet, we will execute the algorithm
AddOption shown in Figure 8 to add optional patterns to
the constructed workflow net.

III. INCREMENTAL WORKFLOW MINING ALGORITHM

A. The High-Level Process of Incremental Workflow Mining

B

L O

[

Workflow model constructed [7] Workflow model constructed [1]

Fig. 10. How to compare different representations of the same workflow

log data

Pre-existing workflow model

@ Conflict

resolution,
Relationship Relationship

completioin,
such as ordering, such as ordering,
independence, ... independence, ...

New workflow log

validation

Fig. 13.
relationship from the workflow net

Algorithm LearnIindependence
Input T1, T2, T3: a task;
N, Workflow net
Output  Independence, boolean
1. If Dseparation(T1,T2,T3,N)
2 Return true;
3. [If(3x:(SureAncestor(x,T3,N) and Dseparation(T1,T2,T3,N)))
4. Return true;
5. If SuerAncestor(T1, T3, N) or SureAncestor(T2,T3,N)
6 Return true;

Algorithm  SureAncestor

Input T1, T2: tasks
N, workflow net
Output result, boolean

1. Ancestor={t| 3x1,...,xm, where V 1<i<m:(xi,xi+1)e F(N) and x1=t,xm=T2}
2. If(vxeAncestor:(3x1,...,.xm, where v 1<i<m:(xi,xi+1)e F(N) and
x1=x,xm=T1) n(Deseparation(x,T2,T1) or (Iy1,...,yn, where
v 1<i<mi(yiyi+1)e F(N) and y1=T2,ym=x))
3. Return true

Algorithm DSeparation

Input T1, T2, Ta: tasks
N, workflow net
Output separation, boolean
1. if 3x,.,xm: (W A<i<mi(xi,xis1) e FIN)AX#T3))AX1=T)A(Xm=T2)A(xm=T3)

2. Return false
if 3x1,...,Xm,Y1,...,¥n,Z1,...,Zk:(V 1<i<m:(xi,Xi+1) € F(N))A(V 1<i<n:(yi,yi+1)e F(N))
A(V1<i<k:(zi,zi+1)e FIN)A(X12T1))A(y1=T2)A(zk=T3)
Return false
Return true

LearnIndependence: an algorithm to learn the independence

Algorithm OrderingForincremental
Input T1,T2: tasks
O, ordering oracle for new workflow log;
N, a pre-existing workflow net;
OP, operation
Output R, ordering relationship between T1,T2
result1<—LearnOrdering(T1,T2,N)
result2«—O(T1,T2)
If OP is Completion
If result1 is undefined
return result2
else
return result1
If OP is Update
If result2 is undefined
10. return result1
11. else
12. return result2
13. if OP is Comparison
12. if result1=Result2

CENOOARNS

13. print T1,T2, result1, result2
14. return result1

Fig. 14. OrderingForIncremental: an algorithm to combine the ordering
relationship gained from the workflow net and the workflow log data

New workflow model

Generally, the workflow mining is divided into two
phases [2]:

Fig. 11. Incremental workflow mining process

1) Workflow log is input to the first phase, and data
mining techniques are applied on them to get the
relationships between activities, such as: ordering and
independence [1], dependency graph [6], Log-based
ordering relations [7] and so on.

2) Workflow model is built based on the relationships

Algorithm LearnOrdering
Input T1, T2, tasks;
N, Workflow Net;
Output  result, {true, exclusive,undefined}
1. if there are two sequences: {x1,...,xm}, {y1,...,yn} where
v I<i<m: (xi,xi+1)e F(N) and v1<j<n: (y;yj+1)e F(N) and
{x2,.... xm}"{y2,...,yn} = @, x1=y1e T(N) and xm=T1,yn=T2

2. return true e
3. ifthere is one sequence: {x1,...,xm}, where Vv 1<i<m: between activities.

xi,xi+1)€ F(N) and x1=T1,xm=T2 : : .
4 Sxenel) m In practice, there are two scenarios for incremental workflow
5. if there are two sequences: {x1,...,xm}, {y1,...,yn} where mining:

Vv1<i<m: (xi,xi+1)e F(N) and Vv 1<j<n: (y;,yj+1)e F(N) and . A

(Xrecc X}y 2,..oyn} = B, x1=y1€ P(N) and xm=T+,yn=Tz 1) If there is a pre-existing workflow model and we have
6. return exclusive new workflow log data, how can we update workflow
7. return undefined

model?

2) Domain experts usually are able to construct a partial
process model based on their domain knowledge. how
can we complete such partial workflow models with

Fig. 12. LearnOrdering: an algorithm to learn the ordering relationship
from the workflow net
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Fig. 16. Experiments for Incremental Workflow Mining Algorithm: (a) complete the pre-existing workflow net on the left side with the workflow log
data and the new workflow net is on the right side; (b) Update of the student admission process model.

two workflow models. In the following, we describe our
experiments on the workflow model completion and the
workflow model update.

We perform two experiments for our incremental
workflow mining algorithm shown in Figure 16. For the
first experiment shown in Figure 16[a], we construct a
workflow net shown on the left side of Figure 16[a] and
use it as the pre-existing workflow model. We construct a
workflow net shown on the right side of Figure 16[a] and
use it to produce the new workflow log. The goal of the
experiments is to complete the pre-existing workflow net
with the new workflow log data. The workflow net shown
on the right side of Figure 16[a] is generated as the results
of the workflow model completion. As you can see from the
experiments, our algorithm is able to use the new workflow
log to complete a partial workflow model.

We perform the other experiment about the workflow
model update shown in Figure 16(b). The experiment illus-
trates the update of student application process model. At
first, we construct a pre-existing student application process
model as shown on the left side of Figure 16(b). We will
not check if the admission document is complete until we
process the admission document. Then we find that it works
better if we check it when we get admission document

because it will save time of the staff who are involved in
Contact SIS and Admission process. Then the persons who
get the admission material decide to check if it is complete.
We should update the current workflow model to reflect
this change. We build a workflow model for the changed
process shown in Figure 16(b) and use it to produce the
workflow log. Then we use the workflow log to update the
pre-existing workflow model. The experiment result is shown
in Figure 16(b). As we can see from the results, our algorithm
is able to utilize the new log data to update the pre-existing
model.

V. RELATED WORK

The first algorithm for mining workflow logs is introduced
in [6]. Its main task is to find a workflow graph which
generates events appearing in a given workflow log. [7]
discovers from event logs the process model represented
by Petri Nets and [3] proposes process mining algorithms
by clustering workflow traces. Recently, [1] introduces a
workflow mining algorithm based on a coherent probabilistic
model. A detailed survey on the current work in workflow
mining, or process mining is given in [2]. The development
of Woflan [13] demonstrates that workflow model specified
as Petri nets can be analyzed.

Our workflow mining algorithm is able to produce the
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workflow model specified by Petri nets. As we discussed in
Section I, although a lot of work has been reported on work-
flow mining, there are several challenges, such as mining
process models with optional tasks, incremental workflow
mining, comparisons of workflow models, that have not been
fully addressed. To the best of our knowledge, our research
effort made the very first step to address those challenges.

VI. CONCLUSION

Today’s business organizations are characterized by global,
dynamic, uncertain and error-prone environments. In order
to compete in such contexts, workflow models play im-
portant roles in analyzing the productivity, evaluating the
performances and costs, optimizing the business operations,
and supporting evolving services and products. Although a
lot of research work has been reported in workflow mining
recently, there are several challenges, such as mining process
models with optional tasks, incremental workflow mining
and comparisons of workflow models, have not been fully
addressed in previous research. In this paper, we present our
research efforts that attempt to address the above challenges.
We present a workflow mining algorithm that is able to
mine process models with optional tasks and propose an
incremental workflow mining algorithm based on interme-
diate relationships such as ordering and independence. The
intermediate relationships can also be used to facilitate
the comparison of two process models. Experiments are
conducted to illustrate the effectiveness of our algorithms
on example data derived from real world applications.
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