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Abstract— Organizations need to continually improve and
review their critical business processes. In addition, it is crucial
not only to track the business process (BP) behavior and to
derive key performance indicators (KPIs) but also to
understand all necessary concepts and incorporate domain
knowledge of the field. The purpose of this paper is to gain a
deeper understanding of the interrelationships between all
concepts and performance measurement raw data to extract
their real meaning. In order to meet these challenges, first, we
explore several qualitative and quantitative indicators for
measuring the performance of BPs. Second, we develop a new
ontology for the representation of these performance
indicators. Then, we are based on data mining techniques to
extract the most important information from data
measurement and to discover all necessary relationships
between indicators.
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. INTRODUCTION

The improvement of business processes is essentially
based on collecting all relevant indicators designed for both
effective management and process improvement. Depending
on the context, several kinds of Key Performance Indicators
(KPI) can be developed, including quantitative or qualitative
aspects, and different data sources can be used for retrieving
and calculating their appropriate values. In this perspective,
Kaskinen puts pressure on the point that it is hard to
improve what cannot be measured [1]. Performance
Indicators (KPIs) provide critical information to the
organization for monitoring and predicting business
performance in accordance with strategic objectives [2].
According to Parmenter [3], key performance indicators
(KPI) represent a set of measures focusing on those aspects
of organizational performance that are the most critical for
the current and future success of the organization.
Furthermore, business process management and continuous
improvement initiatives can be significantly enhanced by
real-time measurement and traceability information. Kronz
points out that the basis for all process controlling is a
process-oriented KPIl system that links the process
perspective to the essential controlling aspect of the
business [5]. Usually, the data related to the business
process execution is useful for monitoring facilities. To
monitor KPIs, organizations rely on reports and dashboards
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[3] presenting one or more KPIs together in order to help
decision-makers identify opportunities for improvements or
re-engineering the desired process. However, this practice
provides partial information to decision makers, without
taking into account which activity in the BP is involved and
which inter-relationships between KPIs are considered.
There are many measurements that could be used in the
evaluation of business processes. In general, we can deal
with two different aspects: qualitative and quantitative. In
each aspect, it's important to select the key measures that
have a significant impact on the organization. In the same
context, performance measurement has several practical
issues, such as unavailability of performance measurement
system, distribution of data in multiple locations,
incompleteness, lack of traceability of the BP or they are
expressed informally in natural language etc. usually the
quantitative and qualitative KPIs data are recorded in
separated locations (e.g. document, system logs, tables or
spreadsheets) without establishing any link or relationship
with other elements related to the same business process.
This leads to several problems: difficulty to maintain the
coherence across both types (quantitative and qualitative),
e.g. what happens if an activity or a KPI is removed and
there exists another KPI (in the same type or different type)
that is defined only for that activity or depended from that
indicators? What happens if a KPI value is changed and if it
has a link which is defined by referencing to another
indicator? Is this link still correct or does it still exist when
changing the measurement instance data or the period of the
analysis? What happens when an organization develops
new KPIs or analyzes a new data source? Despite the
difficulties in measuring performance indicators of business
processes, another important difficulty is how to gather the
existing information related to different concepts into useful
practices. Therefore, there is currently a need to improve the
KPI improvement process, providing decision-makers with
information about the relationships among KPIs. To resolve
this issue, Data mining has a great potential to enable
healthcare systems to use data more efficiently and
effectively [15]. The ability to use data in databases in order
to extract useful information for quality health care is a key
of success of healthcare institutions [16].

Furthermore, indicators are constantly under pressure to
control rapidly the business process. As a result, it’s crucial
not only to analyze business processes for critical changes
based on acceptable limits for key parameters (e.g. cycle
time measurements exceeding a given target) but also to
monitor changes in KPIs relationships data set to measure



goal progress and identify areas needing adjustment. The
research will include how to manage this gained KPIs data
in order to efficiently discover hidden information. Data
mining is conducted through the use of well-known data
mining algorithms to extract association rules from the
given data. The aim of our work is to study the efficiency of
indicators and exploring improvement opportunities. In this
view, we were motivated by a concrete case study of the
healthcare process in the emergency department of "Farhat
Hached" hospital in Sousse (Tunisia).

The remainder of the paper is organized as follows.
Section 2 presents some related work in this area. Section 3
presents our KPIl measurement approach. Section 4
discusses experimental results using data mining techniques.
A conclusion ends this paper in the last Section.

Il.  RELATED WORK

Many works applied the Apriori algorithm in the
healthcare domain [16] [17] [18] [19]. For example, in [16]
the author used this algorithm in order to find out the
associations between diagnosis and treatments in medical
billing data. In [18] this algorithm was applied to discover
frequent diseases in medical data in particular geographical
locations at a particular period of time.

Ortega [28], defined a catalog of analysis operations of
PPIs that allow to automatically extracting implicit
information from them and their relationships with the BP.
In their work, they use Description Logics (DL) to
implement analysis operations in order to infer the required
knowledge from PPI definitions.

In [26] authors propose an ontology-based data mining
approach which utilizes Apriori algorithm. At the end of the
case study, they have determined the association rules for the
smartphone users. In other words, they analyzed consumer
preferences in terms of mobile OS usage. The knowledge
can then be integrated into the decision support process (e.g.
offer the right product/advertisement to the right consumer)
of telecommunication companies’ marketing departments.

In [27] the authors create a multidimensional model to
support KPIs calculation and provide additional analytical
capabilities. After that, they analyzed the candidate KPIs
through data mining techniques to ensure that they reflect
the relationships identified during the business strategy
modeling. The Using of DM techniques to extract relevant
KPIs proposed by authors consists of five processes: (1)
Preprocessing, (2) Potential anomalies detection, (3)
Difference series calculation, (4) Analysis of pair-wise
relationships between series (e.g. correlation, time series
analysis, and linear regression), and (5) Analysis of
compound relationships (e.g. classification data mining
technique).

In our approach, we explore all information that can
be highly valuable in KPI selection, not only from business
process logs but also from other documents (e.g.
questionnaire, interviews) where the implications of the KPI
data are unknown. Thus, eliciting their relationships and
choosing the appropriate data set (e.g. data set according to

the period of analysis) can make these data actionable and
adding value to the business process improvement. In
addition, we define key measurements required for analyzing
business process (e.g.waiting times, execution times) and
other related performance information. For example, to
improve the overall performance of the healthcare business
process, the evaluation focus on interesting quantitative KPIs
related to the behavior of the process and also on interesting
qualitative KPIs related to patients experience in the
emergency department (ED). So, we need to identify
relationships between KPIs to obtain relevant information
that can assist BP analysts during BP improvement. This
work suggests a novel approach based on association rules
towards building interesting relationships between KPIs.
Some benefits of the proposed approach are as follows: (1)
Evaluating measurement taking into account both
quantitative and qualitative aspect; (2) Involving all
informed persons about the business process by
concentrating on the most valuable indicators relationship
based on their association rules; (3) Checking and analyzing
KPIs behavior using existing data to improve the KPIs data
or to improve the business process.

I1l.  BUSSINESS PROCESS MEASUREMENT

Observing the huge volumes of information about
indicators for different purposes and domains and the
heterogeneity of information sources, it becomes essential to
provide mechanisms for structuring and retrieving useful and
interesting data. The semantic representation of KPIs is a
step towards KPI Information discovery and then KPI
improvement. In fact, analyzing business processes requires
computing measurement that can help determine the health
of business activities and thus that of the whole department
or organization.

To illustrate our approach we were motivated by the
healthcare process because it is generally simultaneously
characterized by information richness, but poor knowledge
because of the lack of relevant data, unknown relationships
between data and goals, conflicting KPIs, conflicting goals,
and poorly understood measurement.

The business process in this case study shown in figure 1,
begins by the registration activity. After that, in order to
arrive at a preliminary conclusion about the status of the
patient, a sorting activity represents the second task in the
BP and the first point of contact with medical staff. This
activity consists in recording the preliminary observations
and prioritizing the patients according to their degree of
urgency. The following tasks depend on the status of the
patient. We find various cases of consultations such as
consultation in the delayed emergency sectors in the case of
non-urgent patients, consultation in the box (it can be a
simple consultation or surgical consultation), consultation in
the crash room (the patient is of serious harm which requires
immediate medical attention) and finally the last case of
consultation in the supervision room if the condition of the
patient is not stable.
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Figure 1. Health care business process

Typically, a business process is based on the workflow of
activities which depend on the events that initiate the
process, the participants in the process and process
measurements. Event data can be analyzed according to
different perspectives [23]: (1) the control-flow perspective;
(2) the organizational perspective; (3) the data perspective;
and (4) the performance perspective. The control- flow
perspective is concerned with the process behavior, namely
the activities in the process and their order of execution. The
organizational perspective focuses on the relationships

Activity instance

between the users who performed the activities, such as
whether they belong to the same or to different groups or
organizational units. The performance perspective aims at
detecting bottlenecks or calculating performance indicators,
such as throughput times and sojourn times. The data
perspective is related to the data objects that serve as input
and output for the activities in a case.

We refine Key Performance Indicators into two classes:
basic KPIs (For example, the KPI Process Instance execution
time is a basic metric which takes as input one Process
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Figure 2. Proposed metamodel



Instance) and aggregated KPIs which are built on basic
KPIs (For example, the min of total time spent in the ED by
all patients (all process instances) in all activities).
Additionally, in order to provide a convenient way for
business analysts to analyze metrics, we take into
consideration only the basic metrics because the number of
individuals (e.g. patients, medical staff) of the same kind
(e.g., a set of Process Instances) to be analyzed varies over
time and then the overall perception of some aspects of
interest changes (e.g. the satisfaction will be evaluated over
each individual). Based on basic KPIs, we define
quantitative indicators and qualitative indicators. We analyze
both of qualitative and quantitative KPIs. In this work, in one
hand, we extract relevant quantitative information from the
event logs produced during the BPM execution and on the
other hand, we extract relevant qualitative information
related to healthcare domain by addressing patient queries.
To build our ontology we were based on the proposed
metamodel described in figure 2. We essentially focused on
process tasks and qualitative and quantitative indicators, and
we defined a set of individuals for specifying KPIs and
activities because regarding the contextual characteristic of
KPIs: what can be considered as a KPI within a particular
domain might not be as relevant for another. In our ontology,
we represent, on one hand, the relationships between an
activity and the attached KPI, and on another hand, the
relationships between indicators, we define a set of object
properties. Therefore, we create three object properties
related to our KPIs. For example, the property “related-
with” might link the possible individuals from the
qualitative class (KPI related to a patient satisfaction) to the
related individuals in the quantitative class. Also, in order to
represent the relationships between indicators in the same

category, the owl model implements the properties
“Depend-quantitative” and “Depend-qualitative” which
indicate the links between quantitative/ qualitative

indicators, their relationships and mainly represent the need
to share data between them. Furthermore, properties can
have inverses and they may be transitive or symmetric.
For example, the inverse of “has-activity” is
“has-indicator”. Those definitions of relationships and the
relative individuals need to be highlighted and modeled in
order to aid the monitoring of KPIs that contribute to
performance improvement. Moreover, we envision a
collection of Datatype properties to describe relationships
between individuals and data values.

According to literature, we can say that we have to know
more about the real meaning and the implications of
performance measurement value and to understand why an
indicator is needed and what it is measuring and what
decisions it supports. Thereafter, the business process of the
domain is built and the relational data logs are analyzed. The
database log instance classes in our proposed ontology
contain two subclasses: the first one corresponds to the
essential tables extracted from business process management
system and the second one corresponds to real and estimated
values related to our key performance indicators for all
completed instances in the healthcare BP.

The jBPM_data concerns all necessary information
collected during business process execution. The KPI_data
concerns all instances of both quantitative and qualitative
aspect. KPIs data mainly contains all the quantitative and
qualitative measurement regarding patients. The storage of
such type of data is variously depending on the period of
analysis and the evaluation of organization performance.
Due to the continuing increase of measurement healthcare
data size, we focus on the analysis of the KPIs in the
observation period.

This data will enable us to put together a comprehensive
picture of the BP. The proposed business process models are
deployed with the use of jBPM software, where 100
instances have been created through the execution of the
process which can be statistically considered as significant
and consequently it forms the basis for continuous process
optimization. For this reason, we were essentially based on
the availability of jBPMlog to extract all relevant data.
jBPM is an open source BPMS. It features a robust
management console and development tools, with user
support during the business process lifecycle: development,
deployment, and versioning [21]. Our choice of jBPM is
motivated by its capability in answering healthcare
performance measurement needs, such as the availability of
history logs of all process instances as the data source of
measurement. Persistent data is used for performance
measurement. To persist jBPM historical data, in our work,
we configured PostgreSQL database system to store the
history log through its persistence module. Data involves
huge volume and growing data sets. After the analysis of the
available data in jBPM logs, we focus on three tables,
described below, which are in charge of retrieving the data
needed for our key performance indicators defined above:

- Processinstancelog table which contains the basic log
information about a process instance. Every process instance
has an identifier.

- The bamtasksummary table which contains summarized
information about all process tasks.

- Variableinstancelog table which stores the data (the
value) corresponding to the changes in process variables that
are manipulated during process executions.

We also conclude that not all KPIs can be directly
retrieved from these logs and that the representation of KPI
values, especially in the calculation of waiting time and
duration in milliseconds, can be misunderstandable for the
decision maker. For this reason, we create another data table
which contains all real values related to our research. The
new data table named “real values KPI instance” contains all
real values related to our research. All data are retrieved
from KPI database using PostgreSQL. PostgreSQL is an
open  source  object-relational database  system
[22]. KPI_data tables contain all information related to
quantitative process indicators and qualitative indicators
related to the same process instance id.



IV. KPI KNOWLEDGE DISCOVERY

As aforesaid, indicators can be vague and lack of
semantics. Furthermore, selecting KPIs at the Emergency
Department (ED) requires a high cooperation between its
quantitative indicators and their related qualitative indicators.
For this purpose, it is necessary to adequately link
quantitative and qualitative measurement affecting task
process, and design associated relations. The aim of this step
is to guarantee a continuous improvement approach based on
the analysis of completed instance.

The target in this phase is to find all interesting KPI that
are linked together and approved by the majority of patients
and hence should be linked in a proper way in order to
maximize patient satisfaction and contribute to improving
the BP. in this work we are based on 100 rows referring to
patient data since an instance of BP represents a patient. Data
in KPI table needs to be checked and evaluated by the
organization to detect if KPI values are reaching the desired
results. As a result, we create another table which contains
all estimated values related to the patient instances (real
value KPI instance classes). This table contains two values
“ok” codes the KPI value which is considered by the ED as
acceptable and “not ok” corresponds to the fact that the KPI
value is not acceptable). We found that learning ontology
from existing information resources is a good solution to
explicitly express the semantics of information sources. The
main advantages of this table provide the basic information
to the decision maker to execute corrective actions in case of
important deviations.

Data Mining mainly extracts the meaningful KPIs data
which were previously recorded in the Estimated KPIs table
and derived from the event logs and the qualitative inquiry.
This performance measurement can be then interpreted and
translated into the knowledge where the discovering of
interesting decisions can become possible.

In fact, to make any decision, it is important to analyze
all the relevant row data of our performance measurement.
For this purpose, we use data mining, especially association
rule learning as a research method in this stage.

Agarwal and his colleagues at IBM Almaden Research
Center introduced a novel association rule algorithm Apriori
[24] where the association mining can be applied to real
databases to extract association rules. The Apriori algorithm
requires two user parameters configuration: the first one is
support and the second one is confidence. These parameters
are used to significantly limit the search for frequent
itemsets. The choice of the thresholds minimum support and
minimum confidence clearly influences the number and the
length of rules generated by algorithms. In order to
understand all KPIs interaction, we developed a framework
to extract association rules from the KPI data. The main
advantages of this framework are related on one hand to the
evaluation of several performance measurements, and on the
other hand to the advantages brought by the semantic
technologies to improve the BP.In fact, to make any

decision, it is important to analyze the knowledge model
and all the relevant row data of the performance
measurement by taking into account interrelationships and
influences between them. The framework provides a
comprehensive view of performance measurement and
covers many types of measurements and the semantic link
between them. Furthermore, it is intuitive, i.e. it is easy for
users to understand and evaluate the performance of the
considered BP. Hence, it will allow discovering relations
between indicators. More precisely, first, it helps the
decision maker to choose both quantitative and qualitative
performance metrics in relation to a business process and
then, the framework operates at a sufficiently detailed level
such that it provides a comprehensive basis for assessing the
relations between KPIs. Because of Java's robustness, we
decided to code and implement the Apriori algorithm in our
framework using NetBeans.

By using Apriori algorithm we aim to find frequent
associations and correlations among sets of items. If a KPI
value is not frequent, no association rules related to the KPIs
are generated. Association rules mining algorithm needs to
be configured before learning. So, we give in advance
appropriate values for the parameters. Decreasing the
minimum support and minimum confidence will increase the
number of exploitable rules.

Figures 3 and 4 show some execution results obtained
from our framework based on Apriori algorithm to predict
the occurrence of an item based on the occurrences of other
items in the transaction.

For instance, in figure 3, we choose two Indicators
(Quali_KPI2 and Quali_KPI8) linked by
“depend_qualitative” object property. In figure 4, we choose
two Indicators (Quali_KPI11 and Quanti_KPI17) linked by
“related with” object property.

In order to validate our results, we use WEKA data
mining tools with the Apriori algorithm where the same
input data was applied. Figures 5 and 6 show the result of
examples 1 and 2.

The confidence of the first rule in Weka results that
contain both quail_KPI8 (The quality of care for patients by
medical staff) and quail KPI2 (interest and attention brought
by medical staff) is 0.89. A confidence of 89% means that
89% of the patients who were satisfied with quail_kpi8 also
have a chance to be satisfied with quail_kpi2.

Quali_kpi8 is consequent in the first rule form, which can
be used to determine which another measurement
(quali_kpi2 in this example) should be associated with it, in
order to have a high level of satisfaction. A support of 74%
for quail_kpi2= ok in the first association rule means that
74% of all the transactions under analysis shows that
patients are satisfied or very satisfied with the interest and
attention brought by medical staff.



For example for Rule 12 (Id=2) in Weka result, the
confidence (conf) that the conditional probability that a
transaction having quanti_kpil7 (The waiting time before
registration and payment) is not acceptable by 14 patients,
also contains quali_kpill (installation in the waiting room
before registration) which is also not acceptable to 13
patients is 0.93. With this comparative study between the
two results of the output of weka tool and that of our
framework, it is easy to decide that Apriori algorithm
functioned correctly.

After selecting the right key performance indicators, the
domain expert analyzes the different results obtained from
association rules. Those rules can be used to see what other
KPIs should be taken into account to promote a high
satisfaction with the selected KPIs. This analysis of frequent

Apriori Algorithm

KPIs aims to find all interesting rules that correlate the
presence of one set of KPIs with another set of KPIs. The
results show that data mining technologies can be
effectively applied to exploit semantic data and provide
answers to users’ queries. The originality of our work
concerns how to explore and analyze frequent items set
mining in order to search for recurring relationships in a
given data set and then all found results are used for the
discovery of interesting relationships between KPIs
established in our ontology. The discovery of interesting
correlation relationships among huge amounts of KPI
transaction records can help in many businesses decision-
making processes such as improving satisfaction and
discover BP blockiness.

antecedent | support | consequent | support | conf
— [quali_kpi2=null] 7 [quali_kpig=null] 7 1.0
quali_kpi1 4 [quali_kpi2=0k] 74 [quali_kpi8=ok] 56 0.8918918918918919
quali_kpi2 l _= Select indicators —= J [qual?_kpﬁ:ok] 75 [qual?_kp?2=ok] G 0.88
quali_kpi3 [quali_kpig=null] " [quali_kpi2=null] 7 0.6363636363636364
quali_kpid [quali_kpig=Mot ok] 14 [quali_kpi2=ok] 8 0.5714285714285714
- [quali_kpi2=Nat ok] 19 [quali_Kpig=0k] 9 0.473684210526315...
quali_kpis Data preprocess [quali_kpig=Notok] 14 [quali_kpi2=Notok] & 0.428571428571428..
quali_kpi6 [quali_kpig=null] 1" [quali_kpi2=Mot ok] 4 0.363636363636363...
quali_kpi7 [quali_kpi2=Not ok] 19 [quali_kpig=Mot ok] g 0.3157894736842105
e [quali_kpi2=Nat ok] 19 [quali_kpig=null] 4 0.210526315789473...
= [quali_kpid=ok] 75 [quali_kpi2=Nat ok] 9 0.12
[quali_kpi2=ok] 74 [quali_kpid=Mot ok] 3 0.1081081081058108...
Figure 3. Example 1of association rules using our framework
antecedent | support | consequent | support | conf |
[quali_kpi11=null] 20 [quanti_kpi17=null] 19 0.95
[quanti_kpi17=Motok] 14 [quali_kpi11=Mot ok] 13 0.9285714285714286
[quanti_kpi17¥=ok] 36 [quali_kpi11=0ok] 27 075
[quali_kpi11=0ok] 45 [quanti_kpi17=0k] 27 0.5869565217391305
[quali_kpi11=0k] 46 [quanti_kpi17=null] 18 0.391304347826087
[quali_kpi11=Mot ok] k8 [quanti_kpi17=null] 13 0.382352841176470..
[quali_kpi11=Mot ok] 34 [quanti_kpi17=Mot ok] 13 0.382352841176470..
[quanti_kpi17=null] 50 [quali_kpi11=null] 19 0.38
[quanti_kpi17=null] 50 [quali_kpi11=ok] 18 0.36
[quanti_kpi17=null] 50 [quali_kpi11=Mot ok] 13 0.26
[quali_kpi11=Mot ok] 34 [quanti_kpi17=0k] 3 0.235294117647058..
[quanti_kpi17=0k] 36 [quali_kpi11=Mot ok] a8 0 2222222233 222222
[quanti_kpi17=Motok] 14 [quali_kpi11=ok] 1 0.071428571428571..
[quali_kpi11=null] 20 [quanti_kpi1¥=ok] 1 0.05
[quanti_kpi17=0k] 36 [quali_kpi11=null] 1 Q02777 ivvdaivieeTd..
[quali_kpi11=0k] 46 [quanti_kpi17=Mot ok] 1 0.021739130434782.

Figure 4. Example 2 of association rules using our framework



Lpriori

Minimum support: 0.1 (10 instances)
Minimum metric <confidence>: 0.1
Number cof cycles performed: 18
Generated sets of large itemsets:
Size of set of large itemsets L({l): 5
Size of set of large itemsets L{2): 1

Beat rules found:

1. guali kpiZ=ok 74 ==> guali_kpif=ck &4

-

2. guali_ kpig=ck 75 ==> quali_kpiZ=ck &8

<conf: (0.
<conf

89)> 1lift:(1.19) lew:(0.11) [10] conv:(2.0&)
88)> 1lift:(1.19) lew:{0.11) [10] conwv:{(l.35)

Figure 5. Example 1 of association rules using weka tools

Instances: 100
Attributes: 2
quali_kpill
quanti_kpil7
=== Associator model (full training set) ===

Apricori

Minimum suppcrt: 0.1 (10 instances)
Minimum metric <confidence>: 0.1
Number of cycles performed: 18
Generated sets of large itemsets:
Size pf set of large itemsets L{l): &
Size pf set of large itemsets L{2): 5

Best rules found:

quali_ kpill=null 20 ==> gquanti_kpilT=null 19
quanti kpilT=ck 36 ==> quali_kpill=ck 27

quali_kpill=ck 46 ==> gquanti_kpilT=ck 27
quali_ kpill=ck 46 ==> quanti_kpil7=null 13

gquanti kpil7=null 50 ==> quali_ kpill=null 1%
gquanti kpilT7=null 50 ==> quali_kpill=ck 13

W =] o A s Ll R

[y
=]

gquanti kpil7=Hot ok 14 ==> quali_kpill=Not ok 13
<conf: (0.75)> 1ift: (1.63) lewv:(0.1l) [10] conw: {1.94)
<conf: (0.59)> 1ift:(1.63) lewv:(0.1) [10] comw: {1.47)
<conf: (0.39)> 1ifc: (0.T8) lew:(-0.05) [-5] conv:{0.79)
quali_kpill=Not ok 34 ==> quanti_kpilT7=null 13
quali_kpill=Not ok 34 ==> quanti_kpil7=Not ok 13

quanti kpil7T=null 50 ==> quali_kpill=Not ok 13

<conf: (0.95)> 1iftc:(1.9) lewv:{0.09) [9] conwv:(5)

<conf: {(0.93)> 1lift: (2.73) lewv: (0.08) [8] conwv:(4.&82)

<conf: (0.38)> 1ifc:(0.768) lev:({-0.04) [-4] conwv: (0.77)
<conf: {(0.38)> lift: (2.73) lew: (0.08) [8] conw:(l.33)

<conf: (0.38)> 1ifc:(1.9) lev:{0.09) [9] comwv: (1l.25)
<conf: (0.368)> 1ift:(0.T8) lew:(-0.05) [-5] conwv:{0.82)

<conf: (0.268)> 1ifc: (0.768) lev:({-0.04) [-4] conwv: (0.8T)

Figure 6. Example 2 of association rules using weka tools

V. CONCLUSION

The BP is rich with information to evaluate the
performance of the Healthcare organizations and data
mining has become a necessity.  Performance measures

enable ED to carry out a diagnosis of strengths and
weaknesses of BP, which play a central role in the business
process. Data mining can enable healthcare organizations to
evaluate patient's satisfaction with the data value recorded
from both quantitative and qualitative measurement by
analysis of the frequent items and by making connections



between KPIs related information. The raw data from KPIs
are voluminous and heterogeneous. It needs to be collected
and stored in a structured way. In this paper; we explored
several KPIs using jBPM management features. The
research provided a case study for the empirical application
of healthcare process. Moreover, we analyzed some
association rules related to estimated value instances in the
healthcare BP. The contribution of this work is that KPI
knowledge; understanding with patient experience in ED
and interactions with other indicators are meaningful
properties of BP improvement, for which our research
questions are dedicated. The main benefit of using data
mining knowledge discovery offers the opportunity to
continuously improve the BP by manipulating relationships
and later to identify the reason of bottlenecks. The final lists
of interesting KPIs association rules force managers to rely
on their intuition in order to manage potential candidate
KPIs. In parallel, we plan to extend our framework based on
our data mining association rules results to build a semantic
presentation. For instance, we will have to delete or to
discover new links between KPIs. This future planning will
enable us to look for other opportunities of improvement for
the BP and to prove the adequacy of our indicators and their
relationships.
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