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Abstract: Process discovery is a method for attaining process scheme relies on traces exists in the event log. Today, information systems 

generate the streaming event logs to store their enormous processes. The truncated event log streaming is a challenging problem in 

process detection since it accuses an incomplete traces, which makes the inaccurate process in a process model. Several conventional 

techniques have been introduced for retrieving the truncated streaming of event log. This research proposes a method, namely Fractional 

Improved Invasive Lion Algorithm (FrIILA) for performing the concept drift handling on event log. For that, the event log data is 

processed under process dimension trimming using bounding model. Moreover, the process mining is carried out using developed 

FrIILA, which is deliberated by the integration of Fractional calculus (FC) and Improved Invasive Lion Algorithm (IILA). For the 

incremental data, the same processing is carried out for determining the process discovery. Here, the concept drift detection is carried out 

using two conditions, such as new event label and max min position of trace. The experimental outcome demonstrates that the devised 

method achieved better performance based on the replayability and precision of 98.01% and 80.39%.  

Keywords: Fractional calculus, Improved Invasive weed optimization, event log, bounding model, truncated streaming, concept drift 

detection 

 

1.Introduction 

 An event log refers to the collection of various kinds of 

information in a system. An event log stores various kinds of 

information, like activity time, activity execution and activity 

name. These stored information in event log have been mainly 

utilized in the discovery of problem solving and process 

assessment. Moreover, event log is utilized to resolve the issues 

and analyse the implementation processes in a system. Generally, 

event log contains the process discovery in which lot of 

information seems to enable the process assessment. Process 

discovery phase organizes the data of event log in process scheme 

such that the consumers can effortlessly resolve the processes [1]. 

Process retrieval refers to the major part in data mining, which 

has dealt with troubles in various sectors, like medical, fraud, 

business and advertisement. In order to achieve an accurate 

process model, the process discovery requires a complete 

consequence of activities, which is termed as complete traces. 

Currently, information systems have been generating an event log 

streaming as their efficiency of processes. However, discovery of 

process is a difficult process for modelling the streaming as of a 

truncated event log [2]. The truncated event log streaming 

generates an imperfect traces as the input information of process 

detection. Based on the imperfect traces, process detection 

portrays the incorrect processes in an acquired process model [3]. 

The growing of information technology offers the creation of 

huge quantity of high-speed information. The streaming of high 

speed data exceeds the processing ability of conventional 

methods [21]. The pre-processing is more significant to copy the 

instances in a single pass and consider a little set of samples from 

stream data due to the limited amount of memory space. The 

main purpose of sampling procedure is to select a serving of data 

stream, which acts like the whole. The processing of data 

streaming in imbalanced data is crucial as it seems in several 

domains, like anomaly detection, weather data forecast, social 

media excerption and so on. Class imbalance is probable when 

the instance count with one class is much superior than the others 

[3]. The class with majority of the data instances are termed as 

majority classes, whereas the class with minority of the data 

occurrences are termed as minority classes. For the classification 

of data streaming, the majority class overpowers the instances as 

well as disregards the minority classes. Class imbalance is the not 

only the main issue in the streaming of event log, but the concept 

drift is the major issue in data streaming [2] [22].  

Majority of the classification of data stream representations do 

not concentrate on the concept drift problem in streaming of 

imbalanced information, and drift discovery approaches are 

deliberated based on the statement that the balanced data streams. 

Concept drift characterizes the modification in distributed 

occurrences over time, which produces an important problem in 

the analysis of streaming data [2][24]. Structural decision-

making is to discover an best or the maximum acceptable 

solution for a judgement issue. These decision issues have 

numerous categories, from everyday operational decisions to 
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long-term policy business decisions, from an interior single 

decision to a multi-stage decision or a various organizational 

decision. Dissimilar decision making responsibilities may have 

dissimilar features, and soare usually demonstrated in diverse 

forms or obtained by diverse approaches, which are resolved by 

diverse decision-making methods. Generally, structural decision 

issues can be categorized based on their natures [25]. The classic 

classification is depending on the given structure of problem, that 

is structured, semi-structured as well as unstructured A structured 

decision issue can be demonstrated by the classic arithmetical 

schemes, like linear programming or statistics approaches [23]. 

The process for attaining the best solution is known as normal 

solution approaches. Data-driven decision making (D3M) 

procedures or machine-learning dependent decision-making 

methods are more appropriate for an unstructured decision issue 

and for decision making in energetic as well as composite 

circumstances [3]. 

The major intention of this research is the development of novel 

FrIILA for handling the concept drift on event log data. The 

devised model comprises three phases, such as process dimension 

trimming, process mining and handling concept drift. Here, the 

event log data is deliberated as an input, and then the trimming of 

process dimension is carried out with bounding model. After the 

dimension trimming is finished, then the process mining is done 

using devised FrIILA model, which is designed by the 

assimilation of FC with the IILA. After the completion of process 

mining, then the concept drift handling is carried out for 

streaming the process mining. If the concept drift is identified, 

then the data streaming is done using two conditions based on the 

threshold value. 

The major contribution of the devised model is, 

Proposed FrIILA for process mining:In this paper, the process 

mining is completed using devised FrIILA model, which is 

designed by the amalgamation of FC and IILA scheme. 

Moreover, IILA is the integration of IIWO and LA. Moreover, 

the concept drift handling is done based on the two conditions, 

such as trace length and class labels. 

The organization of this paper is given below. Section 2 explains 

the review of different traditional process mining and concept 

drift detection methods, and section 3 presents the projected 

approach. Section 4 discussed the results and discussion of 

developed processing model, and finally conclusion is given in 

section 5.  

 
2. Literature survey 

The literature survey of various concept drift detection and 

process mining techniques are explained in this section. 

RiyanartoSarno and Kelly RossaSyngkano [1] devised the 

Coupled Hidden Markov Model (CCMM) for performing the 

truncated data streaming. Here, the probabilities of states were 

determined using CHMM. Although, this method was reduced 

the computational complexity, this method failed to attain the 

effective classified outcome. In order to improve the prediction 

performance, Ancy and Paul Raj [2] modelled the ensemble 

classification and dynamic sampling model for handling the 

concept drift. Here, the dynamic sampling was carried out using 

the sample size of optimal reservoir. Moreover, this method 

attained the better performance using the sample size of optimal 

reservoir. However, this method was failed to process the real 

time applications. In order to process with real time applications, 

Jie Lu et al. [3] devised the data driven decision support system 

for handling the drift in event log data. In this paper, there 

processes were carried out, namely data streaming, drift detection 

and understanding and adaptive decision making. The 

combination of these three processes was made the drift detection 

process as effective.  However, the processing time of this 

scheme was high. For reducing the processing time, Tobias et al. 

[4] modelled Earth mover’s distance for performing the concept 

drift. In order to detect the control flow variation among two 

stochastic data, the post-normalized Levenshtein distance was 

utilized. Though, the processing time of this scheme was high, 

the computation overhead of this method was high. To minimize 

the computation overhead, Hugo de Oliveira et al. [5] devised the 

process mining of event logs using grid-based method. Here, the 

process mining is done based on the two processes, such as grid 

process and Petri net unfolding scheme. Moreover, Tabu search 

model was employed to augment the score of replayability. 

However, the computation cost of this scheme was high. In order 

to reduce the computation cost, Martin Prodelet al. [6] devised 

the new hierarchical structuration scheme for handling the huge 

quantity of information. Moreover, the devised model was 

designed by integrating Tabu search and Monte Carlo 

optimization. Although, the effectiveness of devised model was 

high, it was failed to process with complex data. For attaining the 

better performance with complex data, HongWei Sun et al. [7] 

modelled the multiple concurrency short loop scheme for 

performing the process mining. The effectiveness and accuracy of 

devised model was high. However, this method was failed to 

process with real world datasets. For performing the process 

mining in real world datasets, Andrews et al. [8] devised the 

RDB2Log's design for process mining based on semi-automated 

event log. Although, the computational cost of this scheme was 

low, this method produced the error value. Hence, the devised 

model is introduced for resolving these issues.  

2.1 Challenges 
The challenges of several concept drift detection and process 

mining techniques are explained in this section. 

• The proposed method in [1] is auspicious as this is the 

first, which employs CHMM to retrieve the streaming 

of truncated event log. The devised method has 

difficulty to retrieve event log with new activities [1]. 

• For retrieving the event log with new activities, an 

ensemble classification and dynamic sampling model 

was devised in [2]. There are two challenges are arisen 

in [2] for the modeling of classification method based 

on the imbalanced data stream along with concept drift. 

The major challenge is to utilize the organization 

scheme while happening the concept drift. The second 

challenge is to recognize the distribution of imbalanced 

class and to stop the condition of disregarding the 

occurrences of smaller class from the data stream.   
• For effectively handling the concept drift, data driven 

decision support system was developed in [3]. An 

important challenge of utilizing great amount of 

streaming information acquired from various sources in 

dissimilar time frames is insecurity. Insecurity in huge-

quantity streaming information considers a quantity of 

dissimilar forms [3].    

• For attaining the better performance with huge volume 

of information, the developed approaches in [4] that 

permit to methodically estimate a appropriate 

preprocessing without necessitating field knowledge. 

Seeing the trace descriptors, like lower-dimensional 
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descriptors, which integrate supplementary viewpoints 

are conceivable challenging directions to inspect [4].  

• The sampling is a procedure of choosing the 

occurrences from the repeatedly receiving data streams 

and evaluating an estimation to indicate the entire 

stream information. Most of the traditional methods 

consider the sample occurrences in a stable size. 

Though, they are unsuitable across the distribution of 

imbalanced class.      

3. Proposed FrIILA for concept drift handling in 

even log data streaming 

 
This section portrays the devised concept drift handling of data 

stream mining in event log data using developed FrIILA. The 

devised model comprises three phases, such as process dimension 

trimming, process mining and handling concept drift. In the 

devised model, the event log data is deliberated as an input, and 

then the trimming of process dimension is done using bounding 

scheme. Once trim the process dimension, the process mining is 

carried out using devised FrIILA scheme, which is designed by 

the assimilation of FC with the IILA. After the completion of 

process mining, the process discovery is carried out to identify 

the concept drift. For the incremental data, the same processing, 

like process dimension trimming, process mining and handling 

concept drift are carried out for determining the process 

discovery. Based on the process discovery outcome of both event 

log data and incremental data, the concept drift is identified. If 

the concept drift is identified, then the data streaming is carried 

out using two conditions based on the threshold value.  
 

a) Fitness function  
The fitness is calculated to compute the best solution in process 

mining. Here, the fitness measure with least value is deliberated 

as optimal solution, and it is assessed using the subsequent 

equation. 

( )
3

~
1 DGG

Fitness
+++

=     

 (4) 

where, signifies replayability score, and D specifies 

precision, which are indicated as follows, 
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where, oJ indicates the number of transitions enclosed in 

solution, wM states overall transition in solution, oF depicts the 

transition counts not completed in solution, describes the 

transition count completed in table, and wL denotes complete 

transition in table.    

 

b) Developed FrIILA for process mining 

 
The processing of developed FrIILA for process mining using 

event log data is explained in this section. Here, the devised 

FrIILA is designed by joining the FC, with IILA technique. 

Moreover, IILA is the integration of IIWO [17] and LA [18]. FC 

[16] is the mathematical analysis, which is used to resolve the 

various optimization issues. LA is an optimization model, which 

considers the hunting aspects of lions. The LA has the ability to 

solve the complex optimization issues, improved convergence 

rate and minimized error. Likewise, IIWO algorithm is a 

population dependent optimization scheme, which is designed by 

adapting the aspects of weed colony. Moreover, IIWO algorithm 

is simple and effective. Thus, the devised FrIILA is designed by 

considering the advantages of FC with the IILA for attaining the 

better performance. The processing flow of devised FrIILA for 

process mining is described in the subsequent section.  

i) Initialization 

Let us initialize Pmale, Pfemale and Pnomad in which Pmale
  and its 

lioness Pfemale
 contain its pride. The vector components of Pmale, 

Pfemale and Pnomad are Pmale(u), and Pfemale(u), Pfemale(u) which 

indicates the arbitrary integers in highest and least limitations, 

here u=1,2,.......X  where, X states the entire quantity of fractional 

abundance of optimized terminal members.        
ii) Fitness computation 
The fitness function of male, female as well as nomad lions are 

expressed in equation (4), and is specified as F(Pmale), F(Pfemale) 

and F(Pnomad)In order to establish the subsequent steps, let us 

consider Pref=F(Pmale) and Ih=0, where Ih denotes the generation 

counter, and is utilized to assess the termination circumstance. 

iii) Fertility assessment 
In this step, the computation for territorial lioness productiveness 

and lion productiveness are completed. Furthermore, the fertility 

evaluation is completed to generate the renewed female lion, and 

is expressed as
+femaleP . Thus, the final updated expression of 

IILA is given below. 
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In order to resolve the calculation complexity of IILA method, 

the FC [16] is applied to the update function of IILA scheme. 

Then, the expression can be rewritten as, 
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where, ( ) ( ) ( )tC
X

xX
t finalfinalinitial
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Here, ( )tC denotes the chaotic function, 
1h and 

2h varies from 

[0,1]
 

iv) Mating 
In the mating phase, two processes are carried out, namely 

mutation as well as crossover. While performing the crossover, 

four cubs, Pcubs are produced, and each cub is produced with 

respect to the evenly distributed random crossover probability

zD . 

( ) female

u

male

u

cubs PVPVuP +=  

    (14) 

Where ,V denotes the mask of crossover, andV signifies the 

one's complement of V. Pcubs
 are applied to the mutation in 

reliable performance with the rate of probability Uy. Moreover, 

the mutation process generates the new hubs. Once the new hubs 

are generated, then the gender clustering is carried out, such that 

the male as well as female cubs, namely Pmcub and Pfcub are 

excerpted from cub pool using the primary as well as secondary 

optimal fitness. After this, their ages are calculated, which is 

depicted as Bcub and it is assigned to zero. 

v)Function of cub Growth 
The male as well as female cubs, namely Pmcub

and Pfcub are 

forwarded to the matching mutation with rate Vy. For every 

update, if the growth of muted cub is better than the previous cub, 

then the ages of new cubs are incremented to one till the muted 

cub interchanges old cub. 

vi)Territorial defense 
It is considered as a primary lion operator for investigating the 

search space in wider mode. Moreover, this operator is sequenced 

with respect to the update of creating pride, survival fight as well 

as Nomad coalition. Thus, the winner nomad is selected based on 

the subsequent expression, which is given by, 

( ) ( )malenomade PYPY _     

 (15) 

( ) ( )cubmnomade PYPY __      

 (16) 

( ) ( )cubfnomade PYPY __      

 (17) 

In case, 
maleP  is beaten in territorial defence, then the pride is 

renewed by substituting
maleP with conquer nomad coalition

nomadeP _
, and it is renewed by selecting only one

nomadP . This 

process selects
nomadP1 , when eW nomad 1  is fulfilled, else 

select
nomadP2 and e signifies the exponential unity. Moreover, 

nomadW1 is assessed by,  
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where, Euclidean distance amongst the pair ( )malenomad PP ,1
 is 

stated as 1n , and 2n signifies Euclidean distance among the pair  

( )malenomad PP ,2 . If defence outcome is zero, then Pmale and 

Y(Pmale ) are stored from fertility computation, and the process is 

continual. 
vii) Territorial takeover 

If the condition maxNNcub  is satisfies, then the territorial 

takeover is carried out, else the cub growth function is repetitive. 

This process offers territory to 
mcubP  and 

fcubP after they 

grown-up and progresses as tougher than Pmale and Pfemale . 

viii) Evaluation of  feasibility  

The better solution is calculated with fitness value by equation 

(4), and if a novel solution is superior than the preceding solution, 

then renew an preceding value with new value. 

ix) Termination condition 

The above mentioned procedures are continued until better 

solution is acquired. The pseudo code of devised FrIILA for 

process mining is characterized in algorithm 1. 

 

Algorithm 1. Pseudo code of developed FrIILA 

 

 Pseudo code of devised IILA 

1 Input: Pride 

2 Output: Optimal solution 

3 Begin 

4 Pride initialization 

5 Approximate the fitness value with equation (4) 

6 Assess the fertility by equation (8) 

7         Mating is completed using equation (14).  

8 Process cub growth function   

 Winner nomad is nominated with equation (15), (16) and (17)  

 Assess territorial takeover 

9 Validate the solution feasibility  

10 Renew best solution 

11 Stop 

Based on the developed FrIILA scheme, the process mining is 

carried out. After the completion of process mining, the concept 

drift handling is performed for both event log data and 

incremental data. 

4. Concept drift handling in streaming event log 

data 
One of the major issues in process mining is concept drift of 

trimming data. Thus, the effective handling of concept drift is a 

challenging task [9][10][11]. Process mining helps to retrieve, 

observe and enhance the real processes by excerpting the 

intelligence from event logs exist in recent information systems. 

The beginning point of process mining is an event log data. Every 

event exist in the log represents the activity, which is based on 

the specific case. The events comes under the specific case are 

arranged and realized as one run of the process. Generally, some 

of the excess event attributes are stored in the event logs. 

Moreover, the process mining approaches utilized the attributes, 

such as resource, activity execution, and event timestamp and 

data components with the event. The major cause of affecting 

data stream is concept drift, which causes due to the varying 

relation among system response and recorded tuple.  The 

disregarding of concept drift may weaken the effectiveness of 

algorithm and it has the ability to demonstrate the most modern 

concepts in data. For performing the validation of any learning 

process, the concept drift is significant since it modifies the ratio 

among observed data as well as response. The implementation of 

a concept-drift adaptation scheme is an essential task as various 

kinds of concept drift are conceivable and various adaptations are 

to be processed in response to them.  

 

For the processing of machine learning and data mining 

approaches, the second order dynamics are considered as concept 

drift, which can be resolved in both supervised as well as 

unsupervised settings. Concept drift is a significant task in 

various computer applications. There are several traditional 

concept drift handling strategies have been invented by the 

researchers. However, the conventional concept drift handling 

approaches have simple structure with varying variables rather 
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than transforms to difficult artifacts, like choices, cancelation, 

loops, concurrency and so on. In order to handle the concept drift, 

the subsequent major issues have been recognized.  

• Change (Point) Recognition: The most significant and 

basic issue is to recognize the concept drift or process 

variation takes place in the processes. In case, the 

concept drift is identified, then the next stage is to 

recognize the time duration at which variations have 

taken place. 

• Change Characterization and Localization: Once the 

varying point is recognized, then the next step is to 

identify the nature of variation and area of variation. 

Moreover, the recognition of the nature of variation is 

not a simple task, which involves the recognition of 

exact variation and the perspective variation, like data, 

control-flow, resource and so on. 

• Unravel Process Development: Having recognized, 

characterized and localized the variations, then it is 

essential to place all of these in viewpoint. There is a 

necessity for methods/tools, which exploit as well as 

relate these discoveries. Unscrambling the progression 

of a process should produce in the detection of 

variation process. 

In this paper, the concept drift handling is carried out using two 

conditions when the concept drift is detected. The concept drift 

handling is performed for both event log data as well as 

incremental data. Here, the concept drift is identified by 

performing the process dimension trimming, process mining and 

process discovery on both event log data and incremental data. 

On comparing the process discovery outcome of both event log 

data and incremental data, the concept drift is identified. 

Moreover, the data streaming of concept drift handling is done 

using 2 conditions. The concept drift handling is carried out 

based on 2 conditions are given by, 

a) New class labels 

b) Trace length, i.e., max and min values. 

 

a) For incremental data, if the labels B is greater than label limit 

N , then the data is considered as a drift data, and then redo the 

step-1 to step-3 from section 3.1 is repeated for the incremental 

data, otherwise no change is done in the data. 

If NB  ; where B signifies the labels and N denotes the 

label limit 

 Redo the process mining using steps 1 to 3 from section 3.1 

for the incremental data 

Else 

 No change 

b) For incremental data, if min-max value in trace length L is 

greater than thresholdT , then the data is considered as a drift 

data, and then redo the process mining for the new drift data 

using the step-1 to step-3 from section 3.1. Here, the threshold 

value is set as (10/200), which is set as default value. Moreover, 

the minmax value is varied depending on the dataset. 

 

If TL  ; where L signifies the min-max values in trace length 

and T denotes the threshold value 

 Redo the process mining using steps 1 to 3 from section 3.1 

for the incremental data 

Else 

 No change 

If the concept drift is identified, then redo the process mining is 

for the new data, otherwise no need of redoing the process 

mining.  

5. Results and discussion 
This section illustrates the results and discussion of devised 

FrIILA for process mining in order to perform the concept drift 

handling of event logs. Moreover, the setup of experiment, 

dataset details, performance parameters and comparative 

techniques are also discussed in this section. 

5.1 Node Sample of experimentation 
This section explains the experimental sample of devised scheme 

based on three datasets. Fig. 1. a) illustrates the experimental 

sample of devised scheme with BPIC12 (Business Process 

Intelligence Challenge 12), Fig. 1. b) demonstrates the process 

sample of devised model with BPIC17_f &  Fig. 1.c) indicates 

the process sample of devised model with BPIC15_4f. From the 

sample image, the numerals 1, 2 and so on indicate the number of 

nodes and the line arrow deliberates the arc representation.  

 

  

 

(a) (b) (c) 

 

Figure 1.  Process samples devised using BPIC12, BPIC17_f, 

BPIC15_4f 

5.2 Performance metrics 
The metrics employed for the investigation of devised model is 

replayability score as well as precision. 

Replayability score: It is a parameter, which is calculated by the 

ratio of count of transitions completed in solution to the overall 

transition in solution, and is expressed as in equation (5). 

Precision:  It is expressed as the proportion of count of 

transitions completed in table to the overall transition in table, 

and is expressed in equation (7). 

5.3 Comparative techniques 
The existing techniques utilized for the experimentation of 

devised FrIILA model for process mining is Coupled Hidden 

Markov Model [1], Ensemble classification model [2], Data-

driven decision support model [3] and IILA+Coupled Hidden 

Markov Model (CHMM). 

5.4 Comparative analysis  
This section depicts the comparative assessment of devised 

FrIILA based on using three datasets with number of nodes as 

well as arcs.  

5.4.1 Comparative assessment using BPIC12 
This section explains the comparative assessment of developed 

FrIILA scheme by adjusting the number of nodes and number of 

arcs based on the evaluation metrics using BPIC12. 

(i) Assessment by adjusting the number of nodes 

Figure 7 a) shows the comparative assessment of devised model 

by adjusting the number of nodes based on replayability. Here, 

the replayability attained by the developed scheme is 98.01%, 

whereas the conventional approaches, such as Coupled Hidden 

Markov Model attained the replayability of 42.31%, Ensemble 

classification model attained the replayability of 43.91%, Data-

driven decision support model attained the replayability of 

45.00%, and IILA+Coupled Hidden Markov Model attained the 

replayability of 71.97% for the node count is 15. Figure 7 b) 

demonstrates the assessment of precision based on node count. 

Here, the precision of 62.56% is attained by the devised scheme 

when the node count is 12, whereas the precision of 32.77%, 

36.43%, 44.99% and 54.74% is attained by the devised scheme 

when the node count is 12.  
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(a)                                   (b) 

Figure 2.  Comparative assessment of devised scheme using 

BPIC12 based on number of nodes a) Replayability b) Precision 

(ii) Assessment by adjusting the number of arcs 
 

Fig. 3.(a) illustrates the assessment of devised scheme by 

changing the number of arcs based on the replayability. Here, the 

replayability value achieved by the devised scheme is 83.29%, 

whereas the traditional techniques attained the replayability value 

of 42.03%, 42.76%, 58.45% and 60.69% for the number of arc is 

50. Fig. 3.(b) demonstrates the assessment of devised scheme 

with respect to precision. When the number of arc is 50, then the 

precision value achieved by the devised scheme is 59.29%, 

whereas the conventional techniques, such as Coupled Hidden 

Markov Model, Ensemble classification model, Data-driven 

decision support model and IILA+CHMM attained the precision 

values of 31.58%, 34.91%, 46.76% and 48.85%. 

  
 

(a)                                       (b) 

Figure 3.  Comparative assessment of devised scheme based 

number of arcs a) Replayability, b) Precision 

 

5.5 Comparative discussion 
Table I explains the comparative discussion of devised FrIILA 

for concept drift handling in even log data streaming. From the 

Table I, the developed model attained the better performance 

based on replayability and precision using BPIC12 of 98.01% and 

80.39%, whereas the conventional techniques achieved the 

replayability of 42.31%, 43.91%, 45% and 71.97% , and then the 

precision values of 41.23%, 49%, 49.42% and 54.22%, 

correspondingly. In this research, the assessment of devised 

scheme is done using three setups such as BPIC12, BPIC17-f and 

BPIC15-4f. From these, BPIC12 attained the better values of 

replayability and precision due to the effectives of devised 

FrIILA scheme for process mining. The developed FrIILA is 

designed by the combination of FC with the IIWO and LA. The 

optimization algorithm, such as IIWO and LA has better 

searching ability and the computational complexity of 

optimization can be diminished by involving the FC such that the 

combined function of FC, IIWO and LAS provides the better 

process mining outcome. 

 

 

   Setup Variations 
Metrics (a) (b) (c) (d) (e) 

BPIC12 
Number of 

nodes 

Replayability 

(%) 42.31 43.91 45.00 71.97 98.01 

Precision (%) 41.23 49.00 49.42 54.22 80.39 

Number of 

arcs 

Replayability 

(%) 42.03 42.76 58.45 60.69 83.29 

Precision (%) 36.85 40.93 41.29 51.01 63.58 

BPIC17-

f 

Number of 

nodes 

Replayability 

(%) 39.79 40.33 41.50 61.24 86.38 

Precision (%) 40.38 41.00 59.51 60.98 64.10 

Number of 

arcs 

Replayability 

(%) 37.09 43.55 46.84 78.92 94.60 

Precision (%) 45.15 49.26 60.54 63.66 66.36 

 

BPIC15-

4f 

Number of 

nodes 

Replayability 

(%) 41.01 46.56 47.03 82.09 84.01 

Precision (%) 46.80 48.10 49.15 87.89 91.35 

Number of 

arcs 

Replayability 

(%) 36.27 37.53 46.68 69.67 75.69 

Precision (%) 32.82 35.52 42.77 80.53 82.18 

Table I. Comparative discussion 

 

(a) Coupled Hidden Markov Model 

(b) Ensemble classification model 

(c) Data-driven decision support model 

(d) IILA+Coupled Hidden Markov Model 

(e) Proposed FrIILA 

 

6. Conclusion 

This research proposes a method, namely FrIILA for performing 

the concept drift handling on event log. For that, the event log 

data is processed under process dimension trimming using 

bounding model. In this paper, the process mining is done using 

devised FrIILA model, which is designed by the amalgamation of 

FC and IILA scheme. The concept drift handling is carried out 

using two conditions when the concept drift is detected. The 

concept drift handling is performed for both event log data as 

well as incremental data. Here, the concept drift is identified by 

performing the process dimension trimming, process mining and 

process discovery on both event log data and incremental data. 

On comparing the process discovery outcome of both event log 

data and incremental data, the concept drift is identified. 

Moreover, the data streaming of concept drift handling is done 

using 2 conditions based on trace length and class labels. Based 

on these two conditions, the concept drift is identified. The 

experimental result demonstrates that the devised method attained 

better performance based on the replayability of   and precision of 

98.01% and 80.39%. However, the developed process mining 

model can be further protracted by adapting any other effective 

optimized methods.       
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