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Utilization Pattern Analysis of an Enterprise Information System using
Event Log Data
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Abstract

The success of enterprise information system(EIS) is crucial to align with corporate strategies and
eventually attain corporate goals. Since one of the factors to information system success is system use,
managerial efforts to measure the level of EIS utilization is vital. In this paper, the EIS utilization level
is analyzed using system access log data. In particular, process sequence patterns and clustering of
similar functions are identified in more detail based on a process mining method, in addition to basic
access log statistics. The result of this research can be used to improve existing information system
design by finding real IS usage sequences and function clusters.
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structures. Within this environment,

. Introduction

the

competitive and global business environment,

In order to survive in currently

most enterprises are struggling to adapt their
existing business processes into more agile,
customer-oriented

product-focused and

enterprise information system (EIS) is a core
element for strategic advantages. Therefore, the
success of the EIS is a crucial factor to align
with corporate strategies, and eventually attain
corporate goals.

Since DeLone and McLean (2002) developed
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their IS (Information System) success model
called D&M model, there has been extensive
research on the topic of success as well as
extensions and tests of their model[l]. An
updated D&M model (2008) consists of six
major success dimensions, as depicted in
[Figure 11[2]. One of these is ‘system use’. This
is the degree and manner in which staff and
customers utilize the capabilities of an
information system. The example of system
usage includes the amount of use, frequency of
use, nature of use, appropriateness of use,

extent of use, and purpose of use.

System J
Quality \ .

Intention

to Use Use \

. Net
Information Benefits
Quality /’
User

Satisfaction
Service / i
Quality

Figure 1. Updated D&M(DeLone and McLean) IS
Success Model

As discussed above, since one of the factors
to EIS success is system use, managerial efforts
to measure the level of IS utilization is vital.
Analysis of system log data recorded when users
access the IS is widely used to measure the IS
usage.

Since IS utilization is multi-faceted, in this
paper, it is further categorized into 3 types, as
follows: (1) process: which sequence of
activities does the participant perform on the
IS?; (2) function: which functionalities does the
IS user utilize?; and (3) user/organization: who

uses the IS data and when does he or she use

the IS?

Analysis of the first type is a complex and
difficult task, whereas analysis of the second
and third type of system use is relatively easy
using basic log statistics.

Process mining, which is one of system log
data  analysis  technique, elicits  useful
information using accumulated event logs
during business process execution[3][4]. Its
main purposes are as follows: (1)derive the
process model that enables the representation
of the

business activities[5]; (2)extend or improve an

dependency relationship between

existing business process model using
information about the actual process recorded
in some event log[4ll6]l; and (3)check the
conformance of reality, as recorded in the logs,
and conform to the pre-defined modell7].

The aim of this paper is to analyze the
pattern of EIS utilization for IS success using
log data, especially focusing on the elicitation
of IS usage sequence patterns and function

clustering by process mining.

ll. Related Work

With regard to relationships between
information usage levels and organizational
performance, Barisic and Bach's research
results (2019) revealed that the strongest impact
to organizational performance is attained
trough the intensity of IS usage, measured by
the number of different functionalities available
in the software systems|8].

Cuellar et al. (2006) reviewed various attempts
to measure system use and then proposed a
re-conceptualization as  “the level of

incorporation of an information system within
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a user's processes.” They developed the concept
of a Functional Interface Point (FIP) and four
dimensions of system usage as follows: (1)
automation level which is the proportion of the
business process encoded by the information
system, (2) extent which is the proportion of
FIPs used by the business process, (3) frequency
which is the rate at which FIPs are used by
participants in the process, and (4)
thoroughness which is the level of use of
information/functionality provided by the
system at an FIP[9].

Edwards (2007) explored the relationship
between the most utilized screens and the
changes requested by users of the system by
simply counting screen hits and design changes
[10]. Lopez and David (2006) proposed a data
warehousing method based on click stream to
analyze the usage of a web information system.
They presented a dimensional model to monitor
user behavior in Higher Education Web
Information Systems and architecture for the
extraction, transformation and load process.
However, it resulted in simple analysis based on
basic statistics such as page counts, user
platform and used browser by user typell1l.

Yan et al. (1996) described an approach for
automatically classifying visitors of a web site
based on their access patterns. User access
logs are examined to discover clusters of users
that exhibit similar information needs[12].

Kohavi (2001) proposed web mining of
e-commerce sites based on web server logs and
helped detect business opportunities that
otherwise could remain unnoticed[13]. Chen et
al. (1996) explored a data mining capability
called path traversal patterns, which involves
patterns in a distributed

mining access

information-providing  environment  where

documents or objects are linked together to
facilitate interactive access[14].

As an event log analysis platform for
information system management, Li et al. (2017)
developed an integrated system called FIU Log
Analysis Platform (FLAP) that aims to facilitate
the data analytics for system event logs. FLAP
provides an end-to-end solution that utilizes
advanced data mining techniques to assist log
analysts to conveniently, timely, and accurately
conduct event log knowledge discovery, system
status  investigation, and system failure
diagnosis[15]. Leemans et al. (2018) presented a
software behavior exploration tool called the
statechart workbench which provides a rich
and mature integration of advanced mining
techniques for the analysis of behavior,
performance (timings), frequency (usage),
conformance and reliability in the context of
various formal models[16].

As an application of process mining
approach, Jans et al. (2011) presented and
applied a framework for internal fraud risk
reduction, where risk reduction stands for both
fraud detection and prevention. Their work was
based on process mining aimed at uncovering a
process model based on real transaction
logs[17]. Han et al. (2015) presented a process
mining technique to identify navigation
patterns of web sites by analyzing user access
logs. This analysis was used to improve the user
interface design of web sites. They suggested
that the proposed approach is expected to aid
the information system administrator of the
university in designing their website and to
make it easy for users to use the university
website[18]. Chiu and Jans (2019) showed that
process mining enables auditors to detect

potential risks, ineffective internal controls, and



726 3SHEEEIXSIE=2X| 22 Vol. 22 No. 10

inefficient processes from internal logs[19].
Caron et al. (2013) applied process mining
techniques and tools to enterprise risk
management, which minimizes the negative
effects of uncertainty on the objectives. They
provided a full exploration of the applicability
of process mining in the context of the eight
components of the COSO Enterprise Risk
Management Framework[20]. De Weerdt et al.
(2013) showed real-life case studies suggesting
methodologies to conduct process mining
analysis and their benefits. They presented a
methodological framework for multi-faceted
analysis of real-life event logs based on process
mining[21]. Choi et al. (2013) identified the
failure pattern of a home appliance by applying
a process mining method on repair log data.
They suggested that product reliability can be
enhanced through feedback of identified failure
patterns to product development teams using
the proposed method[22]. Sahraeidolatkhaneh
and Han (2017) proposed integration framework
of the diagnosis and (re)design phase of
BPM(Business Process Management) life cycle
by sharing automatically generated process
model and basic statistics based on the process

mining method[23].

lll. Utilization Pattern Analysis

IS utilization pattern analysis was conducted
on a supply chain management information
system for subcontractors of a Korean
manufacturing company (called "H company” in
this paper). This information system (called "R
system") was developed by H company for the
purpose of enhancing the productivity of

subcontractors, and supports the tasks of over

50 subcontractors, which supply parts and
assemblies to H company. Major functionalities
are as follows: (1) receiving order and delivery
management; (2) shop floor control support
including process control and daily labor
reporting, and (3) communication services such
as e-mail and bulletin boards.

IS utilization pattern in this paper can be
classified into 2 types: (1) basic statistics, and
(2) process sequence pattern and clustering
analysis. The total number of records written in
log data is 125,783, accessed by users of H
between

company's 50  subcontractors

2017-08-01 and 2017-09-30.

1. Basic Statistics about IS Usage Patterns

In this category, analysis results can be
further categorized into 3 types: (1) who used
the IS?; (2) When did they use the IS?; and (3)
Which functionalities did they use?

First, since only four companies occupied
70.0% of the transactions in terms of access
numbers, it was concluded that the R system is
not widely used by subcontractor companies. In
other words, a small number of subcontractor
companies used the R system actively whereas
many subcontractor companies have not used it
yet. Therefore, it is urgent to increase the
overall utilization level of R system.

Second, an M-shaped pattern is identified in
terms of daily access number over one week, as
depicted in [Figure 2]. In other words,
transactions increase on Monday (the start of
the week) and Thursday (near the end of the
week). Overall transactions was increasing over
time, as depicted in [Figure 2]. In terms of
access frequency by time zone, usage of the R
system is concentrated in the time slots of 8

am. to 11 am. and 1 p.m. to 4 p.m., as depicted
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in [Figure 3].
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Figure 3. Access Frequency by Time Zone

Third, the shop floor control function is the
most utilized (76.8%) IS support function, as
depicted in [Table 1]. R system functions are
divided into 3 modules: (1) order/delivery
management (ODM); (2) shop floor control
(SFC); and (3) communication services (CS). It
was concluded that shop floor control functions
are highly utilized since they occupied 76.8% of
all transactions, whereas the number of screens
of the shop floor control function makes up to
60.4%. Since communication services such as
e-mail, bulletin boards and on-line forums

make up 8.6%, this function was considered to

have a low utilization rate.

Table 1. Access Frequency by Module

Module Number of Access Frequency
Screens

Shop Floor Control 55(60.4%) 89.1(76.8%)
Order &

Delivery Management 20(22.0%) 16.9(14.8%)

Comsr”“”_‘ca“on 16(17.6%) 10.0(08.6%)
ervice

Total 91(100.0%) 116.0(100.0%)

As shown in [Table 2], in terms of the access
frequency of each screen, the most utilized
BOM &

maintenance and daily labor report system,

screens are routing information

which occupied 70.9 % of all access logs

2. Process Sequence Pattern Analysis

It is not clear whether system users utilize the
IS following the proper designed sequence or
not. Therefore, the usage sequence pattern and
clustering is analyzed based on the process
mining technique in this paper.

Process mining is a process for extracting
meaningful knowledge from the "event log"
generated when users perform certain tasks,
and is also focused on the automated discovery
of common usage patterns and process models

from event log datal24][25].

Table 2. Access Frequency by Screen

Name of Screens AEECED el
Frequency (%)

Change of routing data 15,113 13.0
Registration of daily labor 12,385 10.7
Inquiry of routing data 11,922 10.3
Routing list 11,903 10.3
Inquiry of detail order data 10,510 9.1
BOM list 8,252 7.1
Main menu screen of daily labor 7,087 6.1
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In general, a process is a structured set of
activities designed to produce a specified
output for a particular stakeholder.

The purpose of process sequence pattern
analysis of information system usage is as
follows: (1) to change the current process
sequence to the desired process by investigating
the difference between real practice and the
designed process; and (2) to improve the menu
structure or navigation route between screens
by identifying the IS usage sequence.

The log data source consists of 125,783
records accessed by users of H company’s 50

between 2017-08-01 and
Among these

subcontractors
2017-09-30.

excluding the

records, after
access records of the

communication  services and consecutive
records of the same page, 79,735 records are
analyzed.

ProM is used for process mining. This is an
open source process mining tool, originally
developed at Eindhoven  University of
Technologyl[26].

The log data format for process mining is
shown in [Table 3]. Based on the 79,735 log
data, ProM fuzzy mining algorithms were
employed to determine the IS usage process
sequence pattern. If there are many activities
with a small frequency number, it is difficult to
identify a distinct process sequence. The fuzzy
mining method allows clustering of associated

activities into one group.

report Table 3. Log Data Format for Process Mining
creation of routing data 2,688 22 Process Time
Work 1 . 424 71 Mining Case Id. |Event Type Stam Originator
lork instruction list S . Attribute p
Sub-total 82,265 70.9 Identifier in log|  Screen P , | yy:mm:dd:
complete I User Id.
data format number hh:mm:ss
The rest 33,766 29.1
Number of
75 1 - 297
Grand Total 116,031 100.0 types

[Figure 4] shows the results of the R system
usage process sequence pattern. The rounded
rectangle represents a major activity, and an
octagon represents a clustered group of

associated activities.

Start
complete
1.000

Routing list
inquiry

BOM/Routing
Register/
change/inquiry

Routing list
change

for daily labo
report

management &
master data
management

Pattern 1

Daily labor ||}
report register

Purchase
Management

Delivery
management

Pattern 2

Pattern 3

Figure 4. Process Sequence Pattern of R System
Usage

The thickness of the arc between nodes
(activities) represents the connection frequency
between activities (i.e., screens), and a directed
arc represents a precedence relationship
between information activities. Furthermore, by
uncovering the cluster in [Figure 4], a more
detailed activity sequence is identified. As
depicted in [Figure 4], three process sequence
patterns are identified in this case study as
follows: (1) Order & master data management

process in the production preparation stage. A
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detailed process sequence is shown in [Figure

5.

SFC: Master
data
management

SFC: Routing
list Inquiry &
modify

ODM:
Invoice
registration

ODM: Order
Registration

SFC: Quality
Report
registration

Figure 5. Cluster of Order & Master Data Management
Process

(2) Daily labor

management process in the production stage.

report &  purchase
As depicted in [Figure 6], three sub-patterns are
identified within this pattern as follows:

@ Single cluster island for BOM/routing data
management

® Daily labor report & purchase management
process, which has longest steps

® Sub-set process of the (2)-®@ pattern

SFC:BOM/
Routing data
management

SFC:
purchase
management

SFC: daily
labor report
registration

SFC:BOM/
Routing data
management

management for
daily labor
report

SFC: master
data
management for
daily labor
report

SFC: daily
labor report
registration

SFC:BOM/
Routing data
management

Figure 6. Cluster of Daily Labor Report & Purchase
Management Process

(3) Delivery management process in the
post-production stage. Within this pattern,
there are two

weakly connected major

activities, as depicted in [Figure 7.

ODDM: delivery
status inquiry

ODM: shipping-
out report print

Figure 7. Cluster of Delivery Management Process

Table 4. Top 5 Longest Sojourn Time

Name of Screen Average Sojourn Time (Min.)
BOM List 66.0
Shipping-out report print 46.0
Incoming/shipping-out items list 45.0
Inventory status inquiry 38.0
Delivery status inquiry 36.0

Besides the process sequence pattern, there
are other useful functionalities in ProM for
analyzing event log data of enterprise
information system.

For example, by using the basic performance
analysis of ProM, a user’s average sojourn time
in each screen is calculated in [Table 4], which
shows the top 5 screens having the longest
sojourn time.

Additionally, the user’s access frequency is
analyzed by screen name, as shown in [Figure
8l. At the 4™ row of this table, LC00017
represents the user’s id., and A-C-R is the name
of screen.

It can be seen that user LCO0017 in the 4"

row of [Figure 8] accessed the A-C-R screen
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313 times and the A-C-S screen 720 times over

2 months and so on.

IV. Conclusions

Many enterprise information systems are
being introduced to enhance overall enterprise
performance. Therefore, it is critical to measure
the level of IS usage to determine the success of
the IS.

D Analysis - Originator by Task Matrix
originator |AC-RIACS ACT| ACU | ADV e [ A AEZ A Jhe he he [Ae Jhe b he [he b B e Ao Jhe B

LC00010 o 0 0 0 0000 0o oo oo 000000000
[coote | o 6 0 0 0000 0 0 00 000 0 0000 000
LCO0fE | 0 0 0 0 o o000 o 0 00 0000 0000 000
L0007 313 720] 389 396 0 0/ 0/ 0 410 o] 2 0 o o 2 0 0 1o 58 42 20 1353
LC00018 0 7 0 0 0000 0 0 o 0 0 0o 0 0 0o 0 000
o9 | o o 0 o o000 oo oo oo oo 0000000
LC00020 | 5 o8 6 6 0 000 @& 000 00 100051302
oozt | o 3 0 o o000 o oo 0o o0 00 09000000
coooso | o 3 0 1 o000 o o0 0o o0 00 oo 00000
WRoooT | o[ 1 0 o o 000 o o0 0o oo 00 0000000
WRooo3 | 1 10 o 1 o 000 o o0 0o oo oo oo 00001
WRooos | o[ 3 0 o o 000 o o0 0o o0 0o o0 00000
WKTOOOT |0 2 o 0 o 000 o o o o o 0 o o o o o o o[ 00
NAOOOT | o 58 o 2 o 000 o o 1 0 o 0o o o o o o o o017
NAY0003 o 2 o o o oo oo o o o o o o oo oo o0
NAY000S o 50 o 0o 0o 000 o o o o oo 00 oo o0 o001
NAYOODS | o 3 0 0o 0 000 0o 0 0 0 o0 0 000000 00
NAYOODT | 5| 48 1 3 0/ 000 3 16 0 0 2 5 0 0 412 4 21316
NAYOODR | o 4 0 o 0 000 0o 0 0 0 000 000000 00
NAYOO2E | o 1 0 o 0 000 oo 0 0 o0 0 00 0000 00
NAYOR |0 o 0 0 0 000 0 0 0 0 00 0 0 0000000
NAYODSS || O 1 0o/ o[ 0 2 of 0 0 o o 1 0 0o o 2 0 0o 069

186

Figure 8. Screen Access Frequency by user id.

However, it is a challenging task to measure

the level of IS wusage in collaborative
information systems such as supply chain
management, in which the number of involved
organization is many, and users are distributed
geographically.

In this paper, IS utilization level is analyzed
using access log data. In particular, process
sequence patterns and clusterings are identified
in more detail in addition to basic access log
statistics.

The result of this research belongs to process
mining approach which is a subset of data

mining discipline, and will be useful to IS

analysts for redesigning existing system by
finding real IS usage sequences and clusters of
similar functions.

However, even though real process sequence
patterns of IS usage are identified, a
comparison of the real process with the
designed process was not conducted. Therefore,
as a further research, design improvement of

the IS based on log data analysis is required.
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