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Abstract— Process mining can be used to model business
processes. In process mining, graph-based can be used as an
option in making a process model that is efficient based on
quality. This research proposes a method of measuring fitness,
precision, simplicity, and generalization. Measurement
evaluation is carried out using two processes, port container
handling and waste handling. Based on the research, the results
of the fitness and precision port container handling using the
Proposed Graph-based Quality Measurement and ETM Quality
Measurement methods are 1.00. Meanwhile, the generalization
obtained from both methods is 0.96. Simplicity generated by the
Proposed Graph-based Quality Measurement method is 0.87
meanwhile the result of ETM Quality Measurement method is
1.00. In the case study of waste handling, based on both methods,
the fitness is 1.00 and the generalization is 0.83. Precision
obtained from the Proposed Graph-based Quality Measurement
method is 0.95 and 0.75 from ETM Quality Measurement
method. The simplicity obtained from the Graph-based Quality
Measurement method is 0.95 meanwhile from ETM Quality
Measurement method is 1.00. The simplicity calculation results
are different because ETM cannot detect invisible tasks, while
Graph-based Quality Measurement can discover them.

Keywords— business process, graph, process, process discovei
y y ’
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I. INTRODUCTION

Over the years, the Business Process management (BPM)
field has fragmented significantly, resulting in self-sustaining
sub areas of BPM study such as business process [1]. The old
BPM strategy has been supplanted in recent years by Case
Management with process discovery methods [2]. Process
discovery is a rapidly emerging scientific field that focuses on
the development of theory and strategies for acquiring and
conveying knowledge about real-world process execution and
other organizational activity norms [3].

Process discovery approaches use event logs to
automatically infer process models [4]-[6]. It is widely
considered as the most popular method of process mining [7].
Process discovery is a crucial discipline in process mining that
entails the creation of process models using event data that has
been captured [3]. Event data that has been captured is created
during the execution of (business) processes [8]. Event data,
i.e. also known as event log, is the starting point for process
mining. Each entry in the log relates to an activity and is
associated with a certain case. These event logs can be used to
conduct three types of process mining approaches for various
purposes: discovery, conformance, and enhancement [9]. An
algorithm that based on graph is one which uses a graph-
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database to represent a process model. Graph-based
algorithms opted to process graph-database because it can
contain not only actions but also its relationships. Its ability to
store relationships results in minimal time complexity [10].

Existing quality measurement research on business
process model [11], [12] shows several weaknesses, including
(1) the process model must be changed to another process
model to be able to calculate simplicity and generalization,
and (2) it has not accommodated Invisible Tasks and Non -
Free Choice. In calculating the ETM quality measurement, the
first thing to do is to change the discovery event log process
into a tree process model, then calculate the results. The results
obtained are used as a reference for calculations using the
graph method later. To calculate the quality measurement
automatedly, Neo4j application is used. The Neo4j application
is used because it has the advantage of being able to create
event logs and process models in one application. Neo4js
query methods are written in Cypher language which is query
language designed by Neo Technology[13]. There are two
datasets that used in this implementation, the first has 165 data
records and the second has 68 data records. In the initial
method, using the process tree method, it was found that the
process model has not been able to handle the Non-Free
Choice and Invisible Task relations. An invisible task is a task
added to the process model to aid in the visualization of real
processes[14]. The relationship between Non-Free Choice and
Invisible Task can affect the calculation of quality
measurement. So to deal with this problem, we tried to use
another method, namely graph-based process discovery with
Neo4j tools. Graph-based quality measurement calculations
are able to handle Non-Free Choice and Invisible Tasks by
modifying the cypher rule.

IL. PRELIMINARIES

A. Relation Types of Business Process Model

The Business Process Model has two types of basic
relation activities : (1) Sequence Relation (2) Parallel
Relation. Sequence Relation link one activity and another
activity. Meanwhile, Parallel Relation link one activity and
other activities. There are three types of Parallel Relations,
XOR, OR, and AND. Exactly one activity is chosen by XOR
and carried out. OR chooses one or more activities to be
carried out. AND permits some activities to be executed [15].
Fig. 1 examples of relation types in business process model.
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Fig. 1. Relation types of business process model example (a) Sequence
relation, (b) XOR relation, (c) AND relation, and (d) OR relations

B. Quality Measurement of Business Process Model

There are numerous attributes that can be measured to see
how well a process model describes observable behavior.
Fitness, precision, simplicity, and generalization are the four
attributes [16], [17].

Fitness: The extent to which the identified model can
properly repeat the cases recorded in the log is measured by

fitness [18]. Eq. 1 is the formula for measuring fitness quality.
n (captured_traces) (1)

Fitness = -
n (traces_in_event_log)

Precision: Precision seeks to detect models that are overly
generic and penalizes undesirable behavior [19]. Eq. 2 is the

formula for measuring precision quality.

.. n (captured_traces
Precision = # 2)
n (traces_in_model)

Generalization: The models generalization reveals how
well it can support unexpected traces [20]. Eq. 3 is the formula
for measuring generalization quality.

410\ Fexecution) !

#no

Generalization = 1 —

(€))

if #execution<100 = — U __ 1100
tracelnEventLog
where:
#no = number of operators
#execution = number of operators executed in traces of the
event log

traceInEventLog = number of traces in the event log

Simplicity: In terms of readability, simplicity represents
the complexity of a process model [18]. Eq. 4 is the formula
for measuring generalization quality.

Simplicity =1 —

#da+#mo
#no (4)
where:

#da = number of redundant activities

#mo = number of operators not reflected in traces of the event
log

#no = number of operators

I1I. RESEARCH METHOD

The workflow in this research can be seen in Fig. 2 It
consists of two steps. The first step is to discover process
models and the second step is to measure its quality.

Discovering process : iz
@ el Measuring the quality

Fig. 2. Research Method Workflow

A. Discovering Process Model

The first stage is to discover a process model. A graph
model built from the event log loaded into Neo4j. The function
used to load the event log is the create function. This create
function is used because it creates a node based on all the data
in the event log. Event logs will be contained in 2 labels,
namely LogBase and LogModel. LogBase consists of all the
columns contained in the event logs, while LogModel only
consists of the CaselD column and the name of the activity.
Fig. 3 displays the query structure for loading event logs in
Neo4;.

LOAD CSV with headers FROM "file:///*.csv" AS line
create (:LogBase {Caseld, NameActivity, Time})

LOAD CSV with headers FROM "file:///* csv" AS line
create (:LogModel { Caseld, NameActivity})

Fig. 3. Load event logs into Neo4j

The second step is to build a sequence relation in the
process model. The sequence relation connects the node with
the next node. The merge function is used to build a new
relation based on a match with the node conditions. Fig. 4
describes the query structure to build a sequence relation
between two consecutive nodes.

//ICASE SEQUENCE DISCOVERY

MATCH (nodel:LogBase)

WITH COLLECT(nodel) AS Caselist

UNWIND RANGE(0,Size(Caselist) - 2) as idx

WITH Caselist[idx] AS listl, Caselist[idx+1] AS list2
MATCH (node2:LogModel), (node3: LogModel)

WHERE list].Caseld = list2.Caseld AND list] . Name =
node2.Name AND list2.Name = node3.Name AND

list] .Caseld = node2.Caseld AND list2.Caseld = node3.Caseld
MERGE (node2)-[NEXT]->( node3)

Fig. 4. Discover sequence relations in Neo4;j

The next step is discovery of the control-flow pattern. The
control-flow patterns that will be formed are XOR, AND,
Invisible Task, and Non-Free Choice relations.

There are two kinds of XOR relations, they are
XORSPLIT and XORJOIN. XORSPLIT is formed when the
number of relations leaving the origin node is more than one
and the relations entering the destination node are equal to
one. Meanwhile, XORJOIN is formed when the number of
relations entering the destination node is more than one and
the relations leaving the origin node are equal to one. If there
is a node with such conditions, it will form a new relation and
the old relation will be deleted. Fig. 5 shows the cypher
structure to form XORSPLIT and XORJOIN relations in the
graph process model.

Invisible task is formed when there are two relations that
are connected but between the two relations there is no node
that separates them. So, a new named the invisible task is
created. Fig. 6 shows the cypher structure to make a new
invisible task node in a graph-based process model.
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//XOR SPLIT

MATCH (nodel )-[r]->( node2)

WHERE size((nodel)-->())>1 AND size((node2)<--())=1
AND ( size((node2)-->())=1 OR size((node2)-->())=1)
CREATE (nodel)-[:XORSPLIT]->( node2)

DELETE r

//XOR JOIN

MATCH (nodel)-[r]->( node2)

WHERE ( size((nodel)-->())=1 OR size((nodel)-->())>1 )
AND size((node2)<--())=1

CREATE (nodel)-[:XORJOIN]->( node2)

Fig. 5. Discover XOR relations in Neo4j

/nvisible Task

MATCH (node3)<-[r]-(nodel)-[s]->(node2)

WHERE size((node2)<--())=1 AND size((node3)<--())=1
MERGE (i:Invisible Task {Name: "Inv_Taskl"})
MERGE (node1)-[:NEXT]->(i)

MERGE (i)-[:NEXT]->(node3)

DELETE r

Fig. 6. Discover invisible task in Neo4;j

There are two kinds of AND relations, they are
ANDSPLIT and ANDJOIN. ANDSPLIT is formed when the
number of relations leaving the origin node is more than one
and the number is the same as the relations that enter the
destination node. While ANDJOIN is formed when the
number of relations that enter the destination node is more
than one and is equal to the number of relations that leave the
origin node. Ifthere is a node with such conditions, it will form
anew relation and the old relation will be deleted. Fig. 7 shows
the cypher structure to form ANDSPLIT and ANDJOIN
relations in the graph process model.

//AND SPLIT

MATCH (node2)<-[r]-(nodel)-[s]->(node3)

WHERE size((nodel)-->())>1 AND size((node3)--
>())=size((nodel)-->()) AND size((node2)-->()) =
size((nodel)-->()) AND not (node2)-[:SEQUENCE]->(a)
AND not (node3)-[:SEQUENCE]->( nodel )

MERGE (nodel)-[: ANDSPLIT]->( node2)

MERGE (nodel)-[: ANDSPLIT]->( node3)

DELETE r,;s

//AND JOIN

MATCH (node2)-[r]->( nodel)<-[s]-( node3)

MATCH (node2)-[t]-( node3)

WHERE size((nodel)<--())>1 AND size((node3)--
>())=size((nodel)<--()) AND size((node2)--
>())=size((nodel)<--()) AND not ()-[:ANDSPLIT]->( nodel)
MERGE (nodel)<-[:ANDJOIN]-( node3)

MERGE (nodel)<-[:ANDJOIN]-( node2)

DELETE r,st

Fig. 7. Discover AND relations in Neo4j

A Non-Free Choice relationship is indicated by the
presence of a node whose previous relation is XORJOIN and
the following relation is XORSPLIT. If there is a node with
such conditions, the previous node and the next node are
connected by a new relationship, named non-free-choice. Fig.
8 describes the cypher structure to find non-free-choice
relations in the graph process model.

//Non Free Choice

MATCH (nodel)-[b:XORJOIN]->()

MATCH ()-[c:XORSPLIT]->(nade2)

MATCH (k:LogBase).(l: LogBase)

WHERE nodel.Name<> node2.Name AND k.Name=
nodel.Name AND |.Name= node2.Name AND

k.Caseld=].Caseld AND k.Time<L.Time
MERGE (nodel)-[:NONFREECHOICE]->( node2)

Fig. 8. Discover non-free-choice relations in Neo4;j

B. Measuring Quality of Fitness and Precision

Calculation of fitness and precision is done

simultaneously. The calculation steps are as follows:

1. Calculates fitness / precision of a model process is
done by calculating fitness / precision on each
relation contained in the process model.

2. The formula for each relation is shown at Eq. 1 for
fitness and Eq. 2 for precision.

3. Traces of each relation can be viewed based on the
origin and destination nodes.

4. Overall fitness / precision formula:

Sum of results of all relations divided by the number

of relations.
Fig. 9 displays the cypher structure used to calculate the
number of relationships that exist in the graph model process.

MATCH p=(a)-[r]-=(b)

WITH COLLECT (DISTINCT type(r)) AS TypeCaselist, n
CREATE (n:Temp {Name: "Relation"}

WITH n, TypeCaselist, size(TypeCaselist) AS Count

SET n.countR = Count

RETURN TypeCaselist AS RelationType, Count

Fig. 9. Counting relation in process model

Fig. 10 displays the cypher structure that is used to see
nodes that have sequence relations that exist in the graph
model process.

MATCH (a:LogModel)-[r]->(b:LogModel)
WHERE type(r) = 'SEQUENCE'
MATCH (c:LogBase)-->(d: LogBase)
WHERE a.Name = ¢.Name

RETURN source_node, dest_node

Fig. 10. Discover sequence relation in process model and event log

Fig. 11 displays the cypher structure that is used to see
nodes that have XORSPLIT relations which exist in the graph
model process.

//XOR SPLIT in Process Model
MATCH (a:LogModel)-[r]->(b)
WHERE type(r) = 'XORSPLIT"
RETURN source_node, dest node

//XOR SPLIT in Event Logs
MATCH (a:LogModel)-[r]->(b)
WHERE type(r) = 'XORSPLIT'
MATCH (c:LogBase)-->(d)
WHERE a.Name = ¢.Name
RETURN source_node, dest node

Fig. 11. Discover XOR SPLIT relation in process model and event log

/IXOR JOIN in Process Model

MATCH (nodel)-[r]->(node2:LogModel)
WHERE type(r) = 'XORJOIN'
RETURN source_node, dest_node

//XOR JOIN in Event Logs

MATCH (nodel)-[r]->(node2:LogModel)
WHERE type(r) = 'XORJOIN'

MATCH (node3)-->(node4: LogBase)
WHERE a.Name = ¢.Name

RETURN source_node, dest node

Fig. 12. Discover XOR JOIN relation in process model and event log

Fig. 12 displays the cypher structure that is used to see
nodes that have XORJOIN relations which exist in the graph
model process. Fig. 13. displays the cypher structure that is
used to see nodes that have ANDSPLIT relations which exist
in the graph model process.
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//AND SPLIT in Process Model

MATCH (a)-[r]->(b:LogModel)

WHERE type(r) = '"ANDSPLIT'

WITH COLLECT (b.Name) AS dest pm, a
RETURN DISTINCT a.Name AS src_pm, dest_pm

//AND SPLIT in Event Logs

MATCH (a)-[r]->(b:LogModel)

WHERE type(r) = 'ANDSPLIT'

MATCH (c:LogBase)-->(d)-->(e)

WHERE b.Name = d Name AND NOT ¢.Name = b.Name
RETURN DISTINCT c.Name AS scr_el, d.Name AS dest el

Fig. 13. Discover AND SPLIT relation in process model and event log

Fig. 14 displays the cypher structure that is used to see
nodes that have ANDJOIN relations which exist in the graph
of model process.

//AND JOIN in Process Model

MATCH (a:LogModel)-[r]->(b)

WHERE type(r) = 'ANDJOIN'

WITH COLLECT (a.Name) AS src_pm, b
RETURN source node, dest_node

//AND JOIN in Event Logs

MATCH (a)-[r]->(b:LogModel)

WHERE type(r) = 'ANDSPLIT'

MATCH (c:LogBase)-->(d)-->(e)

WHERE b.Name = d.Name AND NOT c.Name = b.Name
RETURN source node, dest node

Fig. 14. Discover AND JOIN relation in process model and event log

Fig. 15 displays the cypher structure that is used to see
nodes that have non-free-choice relations in the graph of
model process.

//NON FREE CHOICE in Process Model
MATCH (a:LogModel)-[r]->(b)
WHERE type(r) = 'NONFREECHOICE'
RETURN source_node, dest_node

//NON FREE CHOICE in Event Logs

MATCH (a:LogModel)-[r]->(b)

WHERE type(r) = 'NONFREECHOICE'

MATCH (c:LogBase)-->(d), (n: LogBase)-->(m: LogBase)
WHERE c.Name = aName AND d.Name = n.Name AND
c.Caseld = n.Caseld

RETURN source node, dest node

Fig. 15. Discover non-free-choice relation in process model and event log

C. Calculate Generalization

Generalization calculation requires several steps. These
stages include calculating the number of operators executed
on the process model, calculating the total execution that is
carried out, and calculating the generalization value.

The first stage is to count the number of operators
executed by the process model. The operators are nodes AND
relations. Node can be counted by counting the number of
nodes that are executed for each activity name. Fig. 16
displays a cypher structure to count the number of nodes
executed for each activity name. The relation is calculated
based on any relation which exists in the tree process model.
If the number of executions is less than 100, it is necessary to
normalize all execution results.

MATCH (a:LogBase), (b:LogModel)
WHERE a.Name = b.Name

WITH count(a.Name) AS countA, b
SET b.count = countA

Fig. 16. Counting the number of nodes in the process model

Fig. 17 displays the cypher structure that is used to
calculate the number of relations that came out of the initial
node that was successfully executed.

MATCH (a:LogBase)-[r]->(), (b:LogModel)
WHERE NOT ()-->(a) AND a.Name=b.Name
WITH count(r) AS countA, b

Fig. 17. Counting many relationships that leave from the initial node

Fig. 18 displays the cypher structure that is used to
calculate the number of relations that enter the end node that
has been successfully executed.

MATCH ()-[r]->(a:LogBase), (b:LogModel)
WHERE NOT (a)-->() AND a.Name=b.Name
WITH count(a) AS countA, b

Fig. 18. Counting the number of incoming relations to the end node

Fig. 19 displays the cypher structure that is used to calculate
the number of sequence relations which enter the successfully
executed node.

MATCH (a:LogModel)-[r:SEQUENCE]->(b: LogModel),
(c:LogModel)-[s:SEQUENCE]->(d:LogModel)

WHERE a.Name = d.Name

WITH COLLECT (DISTINCT a) AS CaseCaselist
UNWIND RANGE(0,Size(CaseCaselist)-1) as idx
WITH CaseCaselist[idx] AS listl

MATCH (m:LogBase)-[s]-=(n:LogBase)

WHERE n.Name = list] . Name

WITH count(s) AS countA, listl

SET listl.in = countA

Fig. 19. Counting the number of incoming relations to the sequence relation

Fig. 20 displays the cypher structure that is used to
calculate the number of XOR relations that enter the
successfully executed node.

MATCH (a)-[r:XORSPLIT]->(b)

WITH COLLECT (b) AS CaseCaselist, a
UNWIND RANGE(0,Size(CaseCaselist)-1) as idx
WITH CaseCaselist[idx] AS list], a

MATCH (m:LogBase)-[s]->(n:LogBase)
WHERE n.Name = listl . Name

WITH count(s) AS countA, listl

SET listl.in = countA

Fig. 20. Counting the number of incoming relations to the XOR relation

Fig. 21 displays the cypher structure that is used to count
the number of relations and incoming nodes that have been
successfully executed.

MATCH (a)-[rrANDSPLIT]->(b:CaseActivity)
WITH COLLECT (b) AS CaseCaselist
UNWIND RANGE(0,Size(CaseCaselist)-1) as idx
WITH CaseCaselist[idx] AS listl

MATCH (m:LogBase)-[s]->(n:LogBase)
WHERE n.Name = listl . Name

WITH count(s) AS countA, listl

SET listl.in = countA

Fig. 21. Counting the number of incoming relations to the AND relation

Fig. 22 displays the cypher structure used to calculate the
total execution of all operators according to the generalization
formula in Eq. 3.

MATCH (a:LogModel)
WITH a, sqrt(a.execute) AS Execution, -1 AS e
SET a.powerExecute = Execution”e

Fig. 22. Calculate Power Execute

Fig. 23 displays the cypher structure used to calculate the
generalization value according to the generalization formula
on Eq. 3.

MATCH (a:LogModel)

WITH sum(a.powerExecute) AS a, sum(a.powerln) AS b,
sum(a.powerOut) AS ¢

MATCH (n:Temp)

WITH sum(n.powerExecute) AS d, a, b, ¢

WITH atb+ctd AS sumall

RETURN 1 - (sumall/15) AS Generalization

Fig. 23. Calculate generalization
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D. Simplicity

Calculation of simplicity requires several stages. These
stages include calculating redundant activity and calculating
the number of operators that is not reflected in traces of the
event log.

Calculating redundant activity can be seen based on the
similarity of activity names in process models with different
process id. If there is no node that has an activity name with
a similarity equal to 100, then the value of the redundant
activity is equal to 0. Fig. 24 displays the cypher structure to
find redundant activity in the graph process model.
MATCH (a:CaseActivity)

MATCH (b:CaseActivity)

WHERE id(a) <> id(b)

WITH a, b, apoc.text.clean(a.Name) as norml,
apoc.text.clean(b.Name) as norm2

with tolnteger(apoc.text.jaroWinklerDistance(norml,
norm2) * 100) as similarity, a, b

with a, b, similarity where similarity = 100
RETURN a.Name as aname, b.Name as bname,

Fig. 24. Discover redundant activity in the graph process model

The next step is the number of operators not reflected in
traces of the event log. The number of operators not reflected
in traces of the event log can be calculated based on the origin
and destination nodes. If the origin and destination nodes in
the event log are not the same as the origin and destination
nodes in the process model, then the number of operators not
reflected will increase. The number of operators is calculated
based on any relation that exists in the tree process model.
Fig. 25 displays the cypher structure used to calculate the
simplicity value.

MATCH (a: LogModel)
RETURN 1 - ((a.DA + a.MO)/a.NO) AS SIMPLICITY

Fig. 25. Calculate the simplicity of graph process model

IV. EXPERIMENT

A. Materials

This research uses two case studies. They are waste
handling and port container handling. The event log used
must contain the CaselD, the activity name, and the time
when the activity was done. In the event logs of waste
handling there are 7 cases and 6 traces, while in the event log
of port handling there are 30 cases and 3 traces.

B. Result

The results of the discovery of the graph-based process
model for the port container handling case study is shown in
Fig. 27. The graph model contains sequence relations, XOR
relations, invisible task, and non-free-choice relations.

The results of the discovery of a graph-based process
model for the case study of waste handling is shown in Fig.
28. In the graph model, there are sequence, XOR relations,
AND relations, invisible task, and non-free-choice relations.
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Fig. 27. Process graph model for port container handling case studies
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Fig. 28. Process graph model for case study of waste handling

After the process of the graph model is successfully
discovered, the next step is to measure the quality of the graph
process models. The quality measures considered are fitness,
precision, generalization, and simplicity.

In the first case study, the port container handling, the
results of the fitness and precision calculations are 1. The
generalization value is equal to 0.96 and the simplicity value
is 0.87. Meanwhile, for the waste handling case study, the
results of the fitness calculation are 1. The precision value is
0.95. The result of the generalization value is equal to 0.83
and the simplicity value is equal to 0.95.

The results of the calculations above are the results of
calculations performed by using graph-based quality
measurement. To ensure the calculation results are correct,
we also perform ETM quality measurement using the formula
in Eq. 1 for fitness, Eq. 2 for precision, Eq. 3 for
generalization, and Eq. 4 for simplicity. The calculations of
generalization and simplicity are done using ETM quality
measurement based on the tree model of the process that is
formed. Table I and Table II displays the comparison of
measurement quality on graph-based quality measurement
and using ETM quality measurement.

TABLEI  RESULT OF MEASURMENT QUALITY FROM PORT CONTAINER
HANDLING
Measurement Quality
Method Fitness | Precision | Generalizati | Simplicity
on
Graph-based Quality | 1.00 0.96 0.87
Measurement
ETM quality 1.00 1.00 0.96 1.00
measurement
TABLEII. RESULT OF MEASURMENT QUALITY FROM WASTE HANDLING
Measurement Quality
Method izati
Fitness | Precision Gene;:ltzatt Simplicity
Graph-based Quality | 0.95 0.83 0.95
Measurement
ETM quality 1.00 0.75 0.83 1.00
measurement

Based on the calculation results shown in Table I and
Table II, it is shown that the results of fitness and
generalization for both methods are the same. The results of
the generalization calculation between the two methods can be
the same because both are calculated based on the tree process
model that was made previously. As for the simplicity
calculation results, although both are also calculated based on
the same process tree model, in the ETM quality measurement
cannot detect Invisible Tasks whereas graph-based quality
measurement can detect them. The results of the calculation
of precision for the two methods are different because traces
of ETM quality measurement is seen based on the entire
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process model, while trace of graph-based quality
measurement is based on each relationship that exists in the
process model.

V. CONCLUSION

This research proposes about Graph-based Quality
Measurement Method. Measurement quality that is measured
includes fitness, precision, generalization, and simplicity.
This measurement is carried out by two methods, they are
proposed Graph-based Quality Measurement and ETM
quality measurement.

There are two case studies used in this research, namely
case studies of port container handling and waste handling.
Based on the research, the results of the fitness and precision
port container handling using the proposed Graph-based
Quality Measurement and ETM Quality Measurement
methods are 1.00. Meanwhile, the generalization obtained
from both methods is 0.96. Simplicity generated by the
Proposed Graph-based Quality Measurement method is 0.87
hence the result of ETM quality measurement method is 1.00.
In the case study of waste handling, based on both methods,
the fitness is 1.00 and the generalization is 0.83. Precision
obtained from the Proposed Graph-based Quality
Measurement method is 0.95 and 0.75 from ETM quality
measurement method. The simplicity obtained from the
Graph-based Quality Measurement method is 0.95
henceforth from ETM quality measurement method is 1.00.
Simplicity calculation results are different between the two
methods. It is caused by the invisible task in the graph. The
different result in precision caused by the different
calculation approach between the two methods.

The results of this study are expected to be a guide for
quality measurement of the business process model in the
future where the implementation of quality measurement is
done using a graph-based method.
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