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Abstract—In the field of process mining, a lot of informa-
tion about what happened inside the information system has
been exploited and has yielded significant results. However,
information related to the relationship between performers and
performers is only utilized and evaluated in certain aspects. In
this paper, we propose an algorithm to classify the temporal work
transference from workflow enactment event log. This result may
be used to reduce system memory, increase the computation
speed. Furthermore, it can be used as one of the factors to
evaluate the performer, active role of resources in the information
system.

Keywords: Process mining, Temporal Work Transference
Pattern, Trace Classification, Information System, Workflow
Event Log

I. INTRODUCTION

In process mining, we take the data that exists in an
organization information system and use that data to visualize
what’s really happening and how they are done in the process.
Unlike some other resources such as financial resources, ma-
terial resources, technology resources, etc. Human resources
are an indispensable resource that determines organizational
success. While building an organization’s workflow model,
we regularly pay close attention to how to effectively exploit
human resources, combine resources to solve the problem in
the organization’s activities. However, that is the plan what we
build the project, and we don’t know what is going on in the
organization’s operations. To capture what happened, we have
to consider, evaluate from the operating history and compare
with the planning model.
Workflow management systems register the start and com-
pletion of activities, ERP systems log all transactions. These
examples have in common that there is some kind of event
log. Unfortunately, the information in these logs is rarely
used to derive information about the process, the organization,
and the social network. We can get information by observing
the behavior from one individual to another [1]. Process
mining techniques can be applied to analyze and improve
any operational processes in a variety of domains. The final
process model that has been extracted based on the real log
history would us have a clear model that only includes the
most relevant activities, and ignores the rest of activities that
will not have a significant impact on the model quality [2].
During the operation of the system, one of the operational

resource relations formed was the Temporal Work Transfer-
ence (TWT) Network [3][4]. This network tells us the role
of resources in the system and the interaction between these
resources. Through the network, we can see the connection
of the performers together, the role of each performer in
the whole process to complete the work. Temporal work
Transference network is formed by combining the TWT of
each trace from the log file of the information system. In
other words, TWT is a significant component of this network.
Specifically, we will see that TWT networks are made up of
different TWT patterns. Some patterns are used many times,
with high frequency, besides, the others are used less or only
once in creating the network.
In this paper, we propose an approach to identify and classify
the TWT pattern. This work will help:

• Reduced storage space during the organization of the
data, extraction of information from the workflow event
log: Instead of storing the same TWT sets many times; we
only need to save an unique TWT pattern representation
and store the number of times it acted in the system.

• Indicate the significant TWT patterns that are important
in the information system. Significant pattern sets are
components that have a high reuse index in the TWT net-
work. From this perception, we see the critical performer
of the system, the interaction of the performer with the
remaining performer.

These results help the administrators, the operators of the or-
ganization have a comparative basis, evaluate the performance
of the system compared to the original model. These will also
be components that aim to analyze the role of the performer,
the network of performer that is built into our process mining
system.

The paper is structured as follows. Section 2 discusses
background and motivation. Section 3 proposes the technique
while Section 4 shows the experimental result. Finally, Section
5 concludes the paper and discusses future work.

II. BACKGROUND AND MOTIVATION

In this section, we discuss the concepts and related knowl-
edge used in this paper:
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A. Temporal Work Transference Model

During the operation of the system, the components of the
workflow engine record events that occurred in a log file,
the event data being recorded in the sequence of the events
that occurred. This execution sequence of a workflow instance
is forming a workflow instance event trace, from which we
can extract a workflow instance activity trace and its formal
representation is specified by a model of temporal work-case.
Definition of Temporal Work Transference Model [5]. A
temporal work transference model is formally defined through
3-tuple TWTM = (X,F t

r , T
t
o) over a set P of performer

trace-nodes ∀ητ [.∅]p on a temporal work transference
TWT (C) of a workflow instance (work-case), c,
and a species K = ({e, u, o}) of the timestamp
origins, where:

• F t
r is a coordinator or a coordinator-group

linked from an external temporal work trans-
ference model;

• T to is a coordinator or a coordinator-group
linked to an external temporal work transference
model;

• X = Xi ∪Xo on ∀ητ [.∅]p ∈ P

– Xo : P → ℘(P ) is a single-valued mapping
function of a performer trace-node η

τ [.∅]
p =

weτp ∧ ∅ ∈ K, to its (immediate) successor in
a temporal worktransference;

– Xi : P → ℘(P ) is a single-valued mapping
function of a performer trace-node η

τ [.∅]
p =

weτp ∧ ∅ ∈ K, to its (immediate) predecessors
in a temporal worktransference;

• The species of temporal worktransference mod-
els: TWTM∅
– AssessedTime Temporal worktransference

Model: ∅ = ’e’ in ∀ητp .∅ of a temporal
worktransference model

– StartedTime Temporal worktransference
Model: ∅ = ’u’ in ∀ητp .∅ of a temporal
worktransference model

– CompletedTime Temporal worktransference
Model: ∅ = ’o’ in ∀ητp .∅ of a temporal work-
transference model

The execution sequence of a workflow instance is
also involved with a performing sequence of the
performers who are in charge of the executions
of the work items in the corresponding workflow
instance. We can also extract a workflow instance
performer trace from a workflow instance event
trace and its formal representation is specified by

a model of temporal work transference.

B. Work Transference Network

We know that the procedural activities on a work-
flow procedure eventually trigger the work transfer-
ences among the performers who are involved in the
workflow procedure. Analyzing work transferences
among performers is one of the essential plan-
ning activities in human resource management and
decision-making support management, in general.
Especially, the work transference relationships in

Fig. 1: A Work Transference Network of Buildtime From The
Library Book Acquisition Workflow Model [5]

performing a workflow procedure turn also out the
essential knowledge and criteria for evaluating and
validating the human resource performance of the
corresponding workflow procedure. A work trans-
ference network is a formal and graphical structure
of a directed graph (or digraph) model to represent
the relationship of work (activity) transferences and
their associated works among performers who are
involved in a corresponding workflow procedure.
Each vertex represents a performer, and each or-
dered pair of vertices (or a directed edge) represents
a work transference relationship [5][6].

We can judge that a work transference network
is made up of a combination of temporal work
transference from the history log. In this network,
each TWT represents a path from the starting work
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to the end work. More specifically, it demonstrates
the order in which a work instance performs work
with the participation of performers into the event
in it.

III. TEMPORAL WORK TRANSFERENCE PATTERN
CLASSIFICATION

A. Temporal Work Transference Pattern

In the history of an information system, many
TWTs are generated as mentioned before. Among
them, some TWTs are repeated numerous times.
Conversely, the other being used only times or only
one time. We call it a TWT pattern. Identifying
TWT patterns for each group will help:
• Optimal storage of information on memory:

When we dig up data from the history log,
instead of saving all information of trace in-
stances, we only need to keep the TWT pattern
and the number of its representation for the
whole group.

• Identify regular performers involved in imple-
mentation in the system. The number of times
these performers participate in the system and
the number of times they compete in different
types of TWT.

One problem is that in the history log there are thou-
sands of trace instances generated, how to identify
the TWT pattern and organize them optimally. In the
next session, we propose an approach and algorithm
to classify the TWT patterns from the workflow
event log.

B. Classifying The Temporal Work Transference Pattern

The job of identifying and classifying TWT
patterns requires that all trace instances in the
history log be visited at least once. We need
to avoid revisiting trace instances because their
numbers are numerous and this will affect the
performance of the system. The main idea of the
approach is: While reading a trace instance from
the history log, we consider whether it meets a
TWT pattern by comparison with the recorded
TWT patterns. The TWT pattern is put in a ”silo,”
and the ”silo” label is the number of times that
pattern has appeared in the history log to the
current position.
Fig. 2 shows the idea of TWT pattern classification.
Instead of having to store information about all
trace instances, after classification, the system only

saves the silos containing information about the
TWT pattern.

The Algorithm classify TWT pattern
Input: Workflow Enactment Log (ωε) file with

XES standard.
Output: List of TWT pattern.
BEGIN

1: Open the enactment log file
2: Initialize box in listBoxβ to ∅
3: for (∀trace[i] ∈ (ωε)) do
4: currentTWT = GetTWT(trace[i]) (*)
5: for (∀box ∈ listBoxβ) do
6: flag=false
7: if (currentTWT ∈ currentBox) then
8: flag=true
9: end if

10: end for
11: if (flag=true) then
12: β.newBox.put(currentTWT)
13: end if
14: end for
15: Close the enactment log file
16: Return listBoxβ

END
In this algorithm, we use the GetTWT function(*)
which used to get the temporal work transference
[3].

IV. EXPERIMENTAL RESULTS

To evaluate the effectiveness of the TWT pattern
classification and the algorithm that was mentioned
above, we performed with the data set provided by
4TU. Center for Research Data [7].

TABLE I: INFORMATION ABOUT THE LOGS

Log File Number of
Traces

Number of
Individual

Number of
Individual
Performers

Hospital billing 100.000 18 1150

BPI Challenge 2012 13.087 24 68

BPI Challenge 2018 43.809 41 165

With the synthetic event logs data set, we select
the following logs:
• BPI Challenge 2012: Event log of a loan appli-

cation process.

694

International Conference on Advanced Communications Technology(ICACT)

 
ISBN 979-11-88428-03-8

 
ICACT2019 February 17 ~ 20, 2019



START

END

we1

we2

wen

wei

wex

we
m

wey

START END

...
………
x

n

m

k

Silo of Temporal work 
transference pattern

Work transference 
network

Temporal work 
transference model

we1 wen wex

we1 wen wex wey

we2 wei weiwex weywem wex

we1 wen wex

we1 wen wex wey

we2 wei weiwex weywem wex

we2 wei weiwex weywem wex

Fig. 2: The Idea of Classification Temporal Work Transference Patterns From Workflow Event Log

• BPI Challenge 2018: The process considered
in this dataset covers the handling of applica-
tions for EU direct payments for German farm-
ers from the European Agricultural Guarantee
Fund.

• Hospital Billing: The ’Hospital Billing’ event
log was obtained from the financial modules of
the ERP system of a regional hospital.

Table I shows general information about the logs
used. Table II presents the results of the TWT
classification algorithm.

Base on the result in Table II we can see, many
different TWT pattern were built in an information
system. The Degree of Pattern Requirement in the
log ’hospital billing’ is 19.67% and 80.33% degree
of Reduction. Meanwhile, the log ”BPI Challenge
2018’ has a higher Degree of Pattern Requirement
with 68.62% and 31.38% of Reduction. We can see
more detail in Fig 3.

The Average of Using Traces Per Pattern value of
log ’Hospital billing’ is highest with 5.08 times, the
others are 1.82 and 1.46 times. In the field of store
TWT data, the log ’Hospital billing’ has 2.56 times
data saving level compare to ’BPI Challenge 2018’
log.

V. CONCLUSION

In this paper, we have devised an approach to
identify temporal work transference patterns from
the workflow enactment event log. We presented an
algorithm and applied it to defining TWT patterns
from real life logs [7]. By storing the profiles
which represent for the group instead of the entire

Fig. 3: The Degree of Pattern Requirement and Degree of
Reduction

history log, we saved memory, as well as increased
computing speed for process mining systems. Also
by using these patterns, we determine the level
of participation of performers on different traits
as well as different temporal work transference. It
gives a way of assessing the level, efficiency, and
frequency of performers in the system. In the future
work, we will continue to improve this algorithm,
applying deep learning technology to dig up more
information from the Information system history
log.
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TABLE II: THE RESULT OF CLASSIFICATION TWT PATTERN

Log File Number of
Traces

Number of
TWT

Pattern

Average of
Using Traces
Per Pattern

Degree of
Pattern

Requirement

Degree of
Reduction

Hospital billing 100.000 19.670 5.08 19.67% 80.33%

BPI Challenge 2012 13.087 7.171 1.82 54.79% 45.21%

BPI Challenge 2018 43.809 30.061 1.46 68.62% 31.38%
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