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Abstract – Information systems ease the collecting, 
processing, storing, and distributing informations, 
which in turn lead to decision-making and control in 
organizations. Information systems consist of 
information about key people, locations, and other 
important things in the organization. There is 
insufficient research on process mining, and the 
connection between data mining and model-driven 
process management. The goal of process mining is to 
discover, monitor, and improve processes by extracting 
knowledge from event logs. Conformance checking 
compares a process model with its event log. The 
inputs are event log and process model, while the 
output consists of diagnostic information, which shows 
differences and commonalities between the model and 
its log. The conformance checking technique is able to 
identify the similarities or differences between the 
process model and the event log. This research will 
introduce the conformance checking measures (fitness, 
precision, simplicity, and generalization) in order to 
improve the process model discovering from analytical 
aspects.  
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1. Introduction
Process mining is a process management technique 

that allows  the analysis of business processes based 
on event logs. An event log can be produced from 
information systems. Information systems ease the 
collecting, processing, storing, and distributing 
information, which leads to decision-making and 
control in organizations. Information systems consist 
of information regarding key people, locations, and 
other important things in the organization. Typically, 
these systems try to discover more information from 
events and record them during the execution process. 
Process mining is a consideration on the observation 
of the process during execution to the analytical 
model of the process. The goal of process mining is 
to discover, monitor, and improve processes by 
extracting knowledge from their event logs. Process 
mining automatically discovers process models 
without having a priori model based on event logs. 
The process mining method can be used to solve 
problems faced by organizations, for instance, the 
problem of having low information on workflow in 
the organization. Figure 1 illustrates the concept of 
process mining. 

 

Figure 1. Concept of process mining 
Source: Van der Aalst et al. (2012) 

There are three classes of process mining 
technique. This classification is based on whether 
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there is a prior model and, if so, how it is used; 
discovery, conformance checking, and 
enhancement. The discovery technique takes an 
event log and constructs a model. 

 

• Discovery 
 

The first class of process mining is discovery. 
Process discovery generates a process model from 
the event log without a priori model. The discovered 
model is presented with process model languages, 
such as Petri net or BPMN. A majority of researchers 
focus on process discovery, which bring about many 
process discovery techniques in this field.  

 

• Conformance checking 
 

Conformance checking compares a process model 
with its event log. The inputs are event log and 
process model, while the output consists of 
diagnostic information showing differences and 
commonalities between the model and the log. The 
conformance checking technique is able to identify 
the similarities and differences between the process 
model and the event log, and whether there is a good 
match between the process model and event log.  

  

• Enhancement 
 

The last class of process mining is process 
enhancement or process extension. This class 
assumes the existing process model, and tries to 
extend or improve the model by adding more data or 
using the observed events.  
    Process mining has three types of perspectives: 
process perspective, organizational perspective, 
and case perspective. The process perspective 
focuses on control flow. The control flow 
characterizes all possible paths among tasks and 
shows the given behaviours in the log via  graphical 
model. The diagram can help to determine the 
information about activities, the relationship between 
them, which tasks are running, and  whose activity is 
related to the certain case. The control-flow mining 
techniques must be constructed from correct mining. 
From the aspect of common control flow, correct 
mining means that constructs can appear as a process 
model with each language notation. These constructs 
are sequences, concurrency, loops, non-free-choice, 
invisible tasks, and duplicate tasks.  We can note that 
activity or task has the same meaning throughout this 
study. 

As mentioned previously, process models present a 
relation between activities with graphical languages 
[29],[30]. There are various language formalisms for 
the definition of processes. These languages mutually 
describe processes in terms of activities. There are 
many process modelling languages in process 
mining.  
One of them is Petri Net, which was introduced by 
[18].   

A Petri net is a tuple (P, T, W) where P and T 
represent finite sets of places and transitions, 
respectively, with P ∩T = ∅. In addition, the relation 
W⊆(P × T) ∪ (T × P) is a finite set of directed arcs. 
 
2. Related Works 

 
Historically [8],[3],[17] were the ones  who 

worked on the process discovery challenges. [8] were 
among the first researchers on process mining 
discovery in 1995. They mined a model from the 
event log in the area of software engineering and 
called it “process discovery”. [3] were among the 
researchers from the business fields who introduced a 
discovery mined model. They called their model 
“work flow mining”. [17] extended and improved 
[3]’s algorithm. Since then, many authors have 
focused on process mining, and provided new 
algorithms that are able to obtain better results. [12], 
[13] addressed the issue of process mining in the 
approach described in their studies, which also 
allowed  concurrency. [20] provided an α-algorithm 
for business process mining by analyzing the 
ordering relations between  activities in the event log. 
[23], [22] developed a robust, heuristic-based method 
for process discovery known as heuristics miner. 
Heuristics miner can discover short loops, but it is 
not capable of detecting non-local, non-free–choice 
constructs. Moreover, the heuristics miner cannot 
detect duplicate activities. [4] extended the α-
algorithm to mine short loops, known as α+. 

[5],[6],[7] provided a genetic-based algorithm that 
is able to deal with the following structural patterns: 
sequence, choice, parallelism, loops, non-free-choice, 
invisible tasks, and duplicate tasks. [24],[25] 
presented two extensions for the α-algorithm .The 
first extension was β-algorithm, [24], that could 
tackle concurrency and short loops. The α++ 
algorithm was a second extension of the previous 
algorithm by [25], [24]. It described the process 
model by Petri nets with non-free-choice and non-
local structures. [27] presented a process discovery 
algorithm by using integer linear programming (ILP) 
that was able to handle loops of activities and non-
free–choice structures. An LIP miner creates a flower 
model. [14] presented a novel technique for data-
aware process mining that focused on data flow by 
using a decision miner approach provided by [16]. 
Their method could address an invisible transition 
and a loop to discover the XOR-splits/joins. [26] 
presented a process mining approach based on the 
heuristic process discovery technique. The 
advantages of this algorithm were it could tackle 
loops and duplicate tasks and could be fitted with the 
event log. [28] provided a new technique to face the 
duplicate tasks problem in the process model.  
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3. Conformance Checking 
 
  Conformance checking compares events in the 

event log with activities in the process model. The 
goal is to find problems between the modelled 
behaviour and the observed behaviour. Conformance 
checking can be used for repair models that are not 
matched well with their event log. Figure 2 illustrates 
the main idea of conformance checking. 

 

 
 

Figure 2. Conformance checking: comparing observed 
behaviour with modelled behaviour 

 
[15] proposed an incremental approach for 

assessing two qualities of conformance checking. 
The first quality was fitness between the process 
model and log, whereas the second quality was 
appropriateness of the model and related event logs. 
Appropriateness can be assessed on both structure 
(simplicity) and behaviour (precision). [21] presented 
a quantification approach based on behavioural 
profiles. Existing approaches for quantifying 
precision are time-consuming and have problems 
dealing with non-fitting traces. [1], [2] introduced a 
power technique for fitness between an event log and 
a process model of Petri net. Later in 2012, they 
proposed an alignment-based precision checking 
technique. They claimed that the most of  discovered 
techniques were unable to deal with non-fitting traces 
and were time-consuming  regarding the quantifying 
precision.  

Conformance checking techniques need an event 
log and a model as their input. The output consists of 
diagnostic information showing differences and 
commonalities between the model and its log. 
Conformance checking compares a process model 
with respect to the event log with four main quality 
dimensions: fitness, simplicity, precision, and 
generalization. Throughout the remainder of this 
section, examples of event logs in Table 1 and the 
respective process model in Figure 3 are used to 
describe how to measure these four quality 
dimensions. 

 

Table 1: Example of Event Log, L1 
 

Event log Frequency 
ABDEA 1207 times 
ACDGHFA 145 times 
ACGDHFA 56 times 
ACHDFA 23 times 
ACDHFA 28 times 

 
 

Figure 3. Process model M in terms of Petri net 
 

A. Fitness Calculation 
 

Fitness quantifies,  by which the process discovery 
model can accurately express all behaviours recorded 
in the event log. The final fitness score is calculated 
in this study as follows: 
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Assume L is an event log and N is a WF-net. Note 
that σ ∈L is an event sequence of L, ∑ denotes the 
sum of all produced, consumed, missing, and 
remaining tokens, and applies the same formula. Let 
pN,σ denote the number of produced tokens when 
replaying σ on N. mN,σ is the alternative duplicate 
task that is never repeated together in one sequence 
number of missing tokens when replaying σ on N. 
cN,σ is the number of consumed tokens. rN,σ is the 
number of remaining tokens. If fitness is 1, it means 
that the discovery process model can replay all traces 
in the event log. 

 
Example: 
 

The first and second steps are very similar. See 
Figure 4a.  

m-0, r=0, c=0, p=1 
 

 
 

Figure 4a. The first step of the fourth trace of L1 
ACHDFA 

 
In the second step, transition “A” is fired, a token 

from the “Start” place is consumed, and a token at 
place “C1” is produced. Transitions “B” and “C” are 
then enabled. According to the fourth trace of the 
event log, transition “C” should be fired. See Figure 
4b.  

m=0, r=0, c=1, p=2 
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Figure 4b. The second step of the fourth trace of L1 
ACHDFA 

 

In the third step, transition “C” is fired and then a 
token from place “C1”is consumed and two tokens 
are produced into “C2” and “C6”. Afterwards, 
transitions “D” and “G” are enabled to be fired.   

m=0, r=0, c = 2, p = 4. See Figure 4c. 
 

 
 

Figure 4c. The third step of the fourth trace of L1 
ACHDFA 

 

In the fourth step, transitions “D” and “G” are 
enabled, but according to the trace, transition “H” 
should be fired. Transition “H” is fired before 
transition “G”, and then a missing token is recorded 
in place “C6”, and a token is created in place “C7” 
artificially. See Figure 13. 

m=1, r=0, c=2, p=4 
 

 
 

Figure 4d. The forth step of the fourth trace of L1 
ACHDFA 

 

In the fifth step, transition “H” is fired and a token 
is consumed from place “C7”, while another token is 
produced in place “C8”. See Figure 4e. 

m=1, r=0, c=3, p=5 
 

 
Figure 4e. The fifth step of the fourth trace of L1 

ACHDFA 
 

In the sixth step, according to the event log, 
transition “D” should be fired, a token from place 
“C2” is consumed, and a token at place “C3” is 
produced. See Figure 4f. 

 

m=1, r=0, c=4, p=6 

 
Figure 4f. The sixth step of the fourth trace of L1 

ACHDFA 
 

In the seventh step, there are two tokens in places 
“C3” and “C8”. Transition F is fired, two tokens are 
consumed, and a token is produced in place “C4”. 
See Figure 4g. 

m=1, r=0, c=6, p=7 
 

 
 

Figure 4g. The seventh step of the fourth trace of L1 
ACHDFA 

 
In the eighth step, transition A is fired, a token 

from place “C4” is consumed, and a token is 
produced in place “End”. See Figure 4h. 

m=1, r=0, c=7, p=8 
 

 
 

Figure 4h. The eight step of the fourth trace of L1 
 

In the last stage, the token in the “End” place 
should be consumed. The token is removed from the 
“End” place. See Figure 4i. 

m=1, r=0, c=8, p=8. 
 

 
 

Figure 4i. The last step of the fourth trace of L1 
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A replay of the fourth trace of event logs is 
finished as we can see in the figure above. There is 
still one token in the “C6” place, which means the 
remaining token is 1. Finally, the tokens will be 
updated as follows: 

m=1, r=1, c=8, p=8 
 

The metric fitness will be as follows  
( ) 87.0

8
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Fitness =0.87, means that process model M can 
replay 87% of the observed behaviours of event log 
L1 correctly. If there are more missing and remaining 
tokens in the model, then fitness will be poor. The 
fitness metric is computed for one trace of the event 
log in the above example. There is a general formula 
to calculate fitness between the whole event log and 
process model as follows: 
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mi is the total number of missing tokens for event 
log and ni is the frequency of trace i. ri is the total 
number of the remaining tokens for event log. pi is 
the total number of produced tokens and ci is the 
total number of consumed tokens. The total replay 
fitness as the above example can be calculated as 
follows: 

 

First trace “σ= ABDEA” numbers of tokens are  
m=0, r=0, c=7, p=7  

Second trace “σ = ACDGHFA” tokens are  
m=0, r=0, c=9, p=9   

Third trace “σ = ACGDHFA” tokens are  
m=0, r=0, c=9, p=9 

Fourth trace “σ = ACHDFA” tokens are  
m=1, r=1, c=8, p=8 

Last trace “σ = ACDHFA” tokens are  
m=1, r=1, c=8, p=8 

 

Fitness can be calculated as:  
 

( ) 995.0
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Event log L1 and process model M have a fitness 
of 0.995. It means that event log L1 has a 0.005 
deviation. Process model M is unable to explain 
0.005 of the observed behaviours. Figure 4j shows 
the process model after the replay of the event log.   

 

 
 

Figure 4j. Diagnostic token illustrates error in the 
location error 

The diagnostic token in Figure 4j illustrates the 
error in the location error. The “C6” place shows 
“+51”, which means there are 51 tokens remaining 
(r= 51), and the “C7”place indicates “ -51”, which 
means transition “H” has occurred 51 times when it 
was not enabled. Fitness is one of the dimensions of 
conformance checking. However, it is unable to 
solely judge the quality of the process model. A 
process model with a perfect fitness can be 
constructed  in the way that it can replay all traces in 
the event log, e.g. flower model (see Figure 5). The 
flower model has a perfect fitness  since it can 
always replay all observed behaviours of the event 
log, but it lacks precision. It allows the presence of 
too many observed behaviours that have never been 
seen in the event log. Then, fitness is insufficient on 
its own, and the model will need other quality 
measures. 
 
B. Precision Calculation 

 
Precision quantifies part of the behaviours are 

allowed by the model, and they have never been seen 
in the event log. The model’s precision does not 
allow too many behaviours that do not exist in the 
logs. The present study used the method by Rozinat 
and Van der Aalst (2007) based on behavioural 
appropriateness, which is defined as follows: 
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Assume t k is the number of different traces from 
the log. For each log, trace is (1≤ i ≤k), ni is the 
number of process instances combined into the 
current trace, and xi is the mean number of enabled 
transitions during log replay, which is calculated 
from the outgoing edge and used edge. Furthermore, 
m is the number of labelled tasks (i.e., does not 
include invisible tasks, and assuming m>1) 
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Precision is the second quality in conformance 
checking. Precision qualifies the preciseness of the 
process model. A process model that lacks precision 
shows extra behaviours that do not exist in the event 
log. If the model is not precise, then it is under-
fitting. Under-fitting is a problem whereby the model 
has too many behaviours that have never been seen 
in the log. A model that is in a perfect precision does 
not allow for too many behaviours and avoids under-
fitting. The precision is 100% if the model 
“precisely” allows for the presence of behaviours 
observed in the log. Figure 5  show that the flower 
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model lacks precision. This model can replay all the 
traces in the log, hence fitness is 1. However, it can 
capture extra behaviours, such as A, B, C, D, E, F, G, 
H, and S, which have never been seen in the log. As 
a result, there is a lack of precision. 

 

 
 

Figure 5. Flower Model 
 

Example 1:  
 

Behavioural appropriateness measurement for 
event log L1 (Table 1) and model M is as follows:  

 
                      Trace ABDE 
 

Name 
activity 

Num. 
out 

edge 

Num. 
used 
edge 

A 2 1 

B 2 2 

D 2 1 

E 1 1 

Total 7 5 

 
 

 Trace ACDHF                       Trace ACHDF 
 

Name 
activity 

Num. 
outgoing 

edge 

Num. 
used 
edge 

A 2 1 
C 2 2 
D 2 1 
H 1 1 
F 1 1 

Total 8 6 
 

 

Name 
activity 

Num. 
outgoing 

edge 

Num. 
used 
edge 

A 2 1 
C 2 2 
H 1 1 

D 2 1 
F 1 1 

Total 8 6 
 

 
Trace ACDGHF 

 
Trace ACGDHF 

Name 
activity 

Num. 
outgoing 

edge 

Num. 
used 
edge 

A 2 1 
C 2 2 
D 2 1 
G 1 1 
H 1 1 
F 1 1 

Total 9 7 
 

Name 
activity 

Num. 
outgoing 

edge 

Num. 
used 
edge 

A 2 1 
C 2 2 
G 1 1 
D 2 1 
H 1 1 
F 1 1 

Total 9 7 
 

  
aB(M1, L1) ≈ 1 – X/Y 
 

where X is, 
[(1207(7-5)/7) + (145*(9-7)/9) + (56*(9-7)/9)  

+ (23*(8-6)/8) + (28*(8-6)/8] 
and Y is, 
              (9-1)*(1207+145+56+23+28) 

 

Hence,  
aB(M1, L1) ≈ 0.966 

 
Example 2:  
 

Figure 6 displays a flower model whereby all tasks 
are enabled. The behavioural appropriateness with  
respect to the above event log is calculated as aB(M2, 
L1) = 0. This is so because the number of outgoing 
edge is equal to used edge. 

 

 
 

Figure 6. Flower model with lack of precision 
 

 

C. Simplicity Calculation 
 
Simplicity quantifies the simplicity of the process 

model. This metric is the only dimension of 
conformance checking that is not related to the 
behaviour of the process model or event log. The 
formula for simplicity used in this study is as 
follows: 

 

T
TTT

s TIDT +−
=∂

(  
 

Assume T is the number of transitions in the 
model. TDT ⊆T is the number of alternative duplicate 
tasks. TIT⊆ T is the number of redundant invisible 
tasks. Alternative duplicate consists of tasks that are 
never repeated together in one sequence. Redundant 
invisible tasks are tasks that can be removed without 
changing the behaviour in the model. 

Simplicity expresses the complexity of the process 
model. The simplicity of the model depends on the 
size of the process model and number of activities in 
the event log. Simplicity focuses on the size of the 
process model, and is not related to the behaviour of 
the process model and event log as well. There are 
various approaches  on how to measure simplicity. In 
this study, the simplicity metric, which is used, is 
based on the structural appropriateness related to 
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control flow of the process model. This metric 
considers that each activity should be presented at 
least once during the replay log. It means that 
duplicate tasks and invisible tasks indicate poor 
simplicity.  

There are two kinds of duplicate task. First, 
duplicate tasks that have completely different 
contexts, such as activity A in process models M1, 
M2, and M3 in Figure 6, which are necessary to 
specify a certain activity in different contexts. This 
group of duplicate tasks does not need to be removed 
from the model and does not affect precision.  

Secondly, duplicate tasks that have different 
contexts of execution in the process model, known as 
alternative duplicate tasks, which can be tackled in 
the model, such as activity H in process model M2 
that can be executed with “CH” or “GH”.  

Alternative duplicate tasks are never repeated 
together in one sequence. There are also two kinds of 
invisible task. The invisible task in model M1 does 
not have poor precision because it is created to obtain 
high fitness, and if it is removed from model M1, 
then there will be a change in behaviours. The other 
invisible task is called redundant invisible task. A 
redundant invisible task can be removed from the 
model without changing the behaviours, and  at that 
time this group of invisible tasks will have an effect 
on precision.  

There are different structures to express the same 
behaviour of a process model. For instance, we can 
consider models M1, M2, and M3 in Figure 7. All 
three models express the same behaviour of event log 
L1, but with different structures. Thus, there is a 
difference in structural appropriateness. Model M1 
shows the duplicate task for transition A and an 
invisible task; both of them have no effect on the 
precision metric. Model M2 shows the alternative 
duplicate task of transition “H”, duplicate task of 
transition “A”, and a redundant invisible transition. 
There is a redundant invisible task before transition 
“B” that can be removed without changing the 
behaviour. Model M3 shows many duplicate tasks. 
As a result, the alternative duplicate task and 
redundant invisible task can reduce structural 
appropriateness.  

Structural appropriateness can be calculated as 
follows (according to the duplicate task and invisible 
task):  

α is between 0 and 1. 
TDT + TIT⊆ T. 

 

The duplicate task is always visible. According to 
the above definition for model M2, there are two 
alternative duplicate tasks for transition “H” and a 
redundant invisible task between transitions “B” and 
“D”; hence, the total transition is 11.  

 

11
)12(11 +−

=∂s
≈ 0.727. 

 
For model M3, all tasks are duplicate except for A, 

B, and E (A is duplicate but has no alternative 
duplicate), then 

 

31
)019(31 +−

=∂s
≈0.387. 

 

In model M1, if there are not alternative duplicate 
and redundant tasks, then 

 

s∂  = 1. 
 

 
 

(a) Process model M1 
 

 
 

(b) Process model M2 
 

 
 

(c) Process model M3 
 
Figure 7. Three models with the same behaviour 
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D. Generalization Calculation 
 

Generalisation estimates how well the process 
model describes the behaviour of the (unknown) 
system,  not only the event log with the observed 
system behaviour. Generalization can be calculated 
as follows: 

 

elinnode

execution
Q nodes

g mod__

)#(
1

1∑ −

−=  

 

The square root of the number of executions is 
taken because the effect of having 10 executions 
instead of 1 is considered a more significant 
improvement than going from 10 to 100 executions.     
From each of these values, the power of −1 is taken 
to normalize it to a value between 0 and 1. Then, 
these values are summed and divided by the total 
number of nodes in the tree to gain the average for 
the whole tree (Buijs, 2014). An example of the 
generalization metric is described as below based on  
in Figure 2. 

 
A= 1207+145+56+23+28=1459 √1459=38.21  

          
21.38

1
=∂G =0.0261 

B=1207  √1207=34.74 

            
74.34

1
=∂G =0.0287 

C= 145+56+23+28  √252=15.8754 
=∂G 0.0630 

D= 1207+145+56+23+28=1459 √1459=38.21 
=∂G 0.0261, 

E= 1207  √1207=34.74 
=∂G 0.0287 

G= 145+56  √201=14.1774                                            
=∂G 0.0705 

H= 145+56+23+28  √252=15.8754                   
=∂G 0.0630 

F=145+56+23+28  √252=15.8754                   
=∂G 0.0630 

 
Hence, 
QG   = 1 – X, in which X is 
0.0261+0.0287+0.0630+0.0261+0.0287+0.0705+0.0

630+0.0630 
= 0.958 

 
The four metrics above are computed on a scale 

from 0 to 1, where 1 is optimal. Replay fitness, 
simplicity, and precision can reach 1 as the optimal 
value. All four quality dimension metrics are 

described in this section. However, there is a 
question on whether all four quality dimensions are 
necessary for process discovery. Most of the existing 
process discovery methods are focused on one or two 
quality dimension as shown in Table 3, in which a 
majority of the models are under-fitting or over-
fitting. 

 
Table 3. Comparison of the result of process discovery 
algorithms (f= fitness, p= precision, g= generalisation, s= 
simplicity). 
 

 
 

For instance, ILP miner has perfect fitness and 
generalization, but its model is not precise as it 
produces too many behaviours that are under-fitting. 
Nevertheless, [19] presented the Evolutionary Tree 
Miner (ETM) framework that is able to balance these 
four quality metrics (fitness, precision, simplicity, 
and generalisation). 

Process model M3 in Figure 23 can replay all 
traces of the event log (high fitness) and it is very 
precise, but it has poor results for simplicity and 
generalization. This process model has many 
duplicate tasks. The process model used in Figure 5 
(flower model) has a fitness of 1 and perfect 
simplicity and generalization results, but it lacks 
precision. The fitness quality is the most important 
for process discovery. Fitness estimates the relation 
between the process model and event log. A process 
model with a low fitness is unable to provide high 
precision, generalization, and simplicity. A perfect 
process model should be able to describe each of the 
four qualities and can be optimized from all four 
qualities. The aim of having four perfect quality 
dimensions is to achieve the best result of these 
qualities. 

 
4. Conclusion 

 

    The aim of this paper is to obtain an overview on 
process mining and conformance checking. There are 
still many existing approaches that cannot support 
some of construct problems. The constructs that 
cannot be addressed easily by some techniques are: 
non-free-choice, duplicate task and invisible task. 
Many approaches assume a one-to-one relation 
between the tasks in the log and their labels that 
cannot obtain good results regarding duplicate tasks. 
After discovering the process model, conformance 
checking is used to evaluate the process model with 
the respected event log based on four quality 
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dimensions of fitness, precision, simplicity, and 
generalization. Conformance checking techniques 
need an event log and a model as input. The output 
consists of diagnostic information showing 
differences and commonalities between the model 
and log. All four quality dimensions are defined  by 
formulae and examples in this study. In order to 
evaluate a process model, all quality dimensions are 
necessary. As a result, a perfect process model should 
be able to balance all four quality dimensions of 
conformance checking. For further works, we plan to 
investigate the use of learning automata  [9],[10],[11] 
to discover a process model with  optimized quality 
attributes.  
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