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ABSTRACT

Model merging is a key approach for integrating multiple process model variants into a unified representation. Existing 

automated merging methods face challenges in handling invisible tasks, which are intentionally inserted in the process model to 

depict certain conditions, including stacked branching relationships. The inability to handle invisible tasks reduces the quality 

of the merged process models. A proposed Graph-merging method explicitly addresses sequence, branching relationships, and 

invisible tasks. The proposed method first identifies common activities across model variants. Furthermore, the method applies 

the proposed graph rules grounded in behavioral and structural aspects to combine those common activities as well as their 

related relationships and generate the graph-based merged process model. Behavioral rules govern the integration of sequence 

and branching relationships, while structural rules handle branching and invisible tasks. An evaluation against three existing 

approaches by Derguech, Yohanes and Graph Semantic Similarity demonstrates that the proposed Graph-merging method 

achieves higher precision. The Graph-merging method substantially improves the quality of merged process models.

Keywords: Behavioral analysis, graph-based model integration, process model merging, structural analysis, quality enhance

ment.

1. Introduction

Process models play an essential role in business process management (BPM) by providing a clear and detailed 

visual representation of how processes operate within an organization. The structure visualization of process models 

eliminates ambiguity and guesswork, ensuring that all stakeholders have a shared understanding of the process 

flow. Organizations can more easily identify inefficiencies by clearly outlining the sequence of activities, such as 

bottlenecks, redundant activities, or underutilized resources. Moreover, process models provide the standardization 

procedure across different divisions or locations, ensuring consistent execution and improving overall operational 

efficiency. Process models are applied in various domains, including streamlined production workflows in the 

manufacturing sector [1], patient paths in the healthcare sector [2], and a blockchain sector [3]. As such, process 

models are essential for organizations seeking to optimize their processes, improve decision-making, and maintain 

competitive advantage.

Model merging integrates multiple model variations into a consistent model. Model merging differs from 

process discovery, where several process discovery methods ([4],[5], and [6]) have been published by the 

researchers of this paper. The process discovery forms a process model based on the restored processes in the event 

log, while the model merging combines several process models into a consolidated process model. The model 

merging technique is crucial to comprehensively understanding the entire process and analyzing the relationships 
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between paired models [7]. Some considerations related to the model merging process are variation in activity 

patterns [8], conflict resolution [9], [10], and semantic similarity in the activity description [11], [12]. In the context 

of business process management, process merging consolidates several variations of a business process model 

into one unified process model [13]. The process model merging considers behavioral and structural aspects. The 

behavioral aspect focuses on the relationship of activities in the process, while the structural aspect concerns the 

control flows between activities [14]. Behavioral relationships between activities can be analyzed through event 

logs, which record the sequence and time of activities [15]. Meanwhile, the structural aspect comes from the 

underlying process model, which captures the activity control flows [16].

There are various patterns of process model relationships, namely sequence, branching, invisible prime tasks, 

and invisible non-prime tasks. Sequential relationships execute a sequence of activities in a process. Branched 

relationships, such as XOR, OR, and AND, define the selected activity path [17]. XOR is used when only one 

of the choice activities is processed in all processes, OR is used when several choice activities are executed, and 

AND is used when all choice activities without restricted order are executed in every process [18]. However, not all 

conditions can be depicted by sequence or branching relationships. A process model that utilizes only sequence and 

branching relationships will misrepresent skipped, redo, and switch conditions, so the model needs to add invisible 

prime tasks. Invisible prime tasks are activities intentionally inserted into a process model to correctly describe 

certain conditions [4], [19]. Stacked branching cannot be described using invisible prime tasks, so that the invisible 

non-prime tasks are formed [5]. Some conditions need combinations of invisible tasks, such as invisible prime tasks 

for skipped conditions and invisible non-prime tasks for stacked branching relationships [5].

Manual merging of process models is at risk of inaccuracy and takes a long time, resulting in the emergence 

of automatic merging methods. There are several existing automatic merging methods. Derguech [20] proposed a 

technique to combine business processes by utilizing two business processes with several activities with similar 

names and combining these activities to create a new process. Then, the process will enter the post-processing stage, 

where restructuring will be carried out on the relationship and process form to produce a new process that can be 

configured and meet the rules of the process model used when conducting research. In addition, Zemni [21] proposes 

the consolidation of business processes by using process pieces (not whole processes) and utilizing the Gateway 

Path Matrix (GPM), which consists of relationship elements that have the same source and target of activity or 

can also be called a Relationship Matrix. The study divided the method into two phases, namely the merger phase 

and the structural reconstruction phase of the process. Both studies provide a comprehensive implementation in 

forming a single business process based on two different business processes. Still, the method is only compatible 

with process models that have sequence and branching relationships. On the other side, Yohanes [18] addressed a 

novel method to enumerate the resemblance between the branching relationship of identical activities from several 

business process event logs. The work successfully measures the accurate resemblance value between branching 

relationships. Those existing methods have the same weakness: the inability to merge or measure resemblance 

between process models obtaining invisible tasks. The inability to merge process models results in a decrease in 

the quality of the resulting combined process models.

This research proposes a Graph-merging method as a new automated process model merging method. This 

research is essential because process model incorporation automatically avoids the risk of inaccuracy of results and 

improves the efficiency of process model incorporation. This research utilizes graph language [22], [23], [24] to 

conduct the proposed rules of the merging process models, including merging process models involving invisible 

tasks. This research considers behavioral aspects to combine process models involving sequence and branching 

relationships, i.e., XOR, OR, and AND, and uses structural aspects to accommodate branching relationships to 

produce merged process models containing invisible tasks. Thus, the contributions of this research are included the 

following:

1. proposing graph-based behavioral rules to merge process models containing sequence and branching relation

ships, i.e., XOR, OR and AND;
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Table 1: Research gap compared to proposed method: graph-merging.

No Papers Main Focus of Paper Research Gap with Proposed Method

1 [18] Enumerating the resemblance between the branching 

relationship of identical activities from several business 

process event logs

Does not address structural combinations needing invisible 

tasks at the model level

2 [20] Combining business processes which have several activities 

with similar names

Does not consider invisible tasks when merging processes

3 [11] Merging business processes by considering semantic 

similarity of activities name

Does not depict invisible tasks of stacked branching 

relationships when combining models

4 [4] Discovering a process model containing invisible tasks of 

stacked branching relationships (XOR-OR and XOR-AND) 

based on the event log

Forming a process model based on the event log; does not 

combines process models

5 [5] Constructing a process model containing invisible tasks of 

stacked branching relationships (XOR-OR and XOR-AND) 

and non-free choice constructs

Processing event log; does not merged process models

6 [21] Merging business processes by utilizing Gateway Path 

Matrix (GPM)

Only considering sequence and branching elationships

7 [19] Calculating behavior differentiation of process variants 

considering invisible tasks

Using invisible tasks for behavioral comparison; does not 

unified process models

8 [25] Discovering process variants by semantic discovery method Depicting process variants, not a consolidated model; 

considering context semantic and does not regarding 

various types of relationships when merging

9 [26] Analyzing the influence of structural distance on behavioral 

distance when comparing process variants

Comparing processes, not combining processes; does not 

focuses on invisible tasks

10 [27] Extending Inductive Miner by discovering semantic-

annotated model based on the event log

The input is an event log, not process models; does not 

explicitly discovering processes containing invisible tasks

2. proposing graph-based structural rules to merge process models containing branching relationships which 

produces invisible tasks;

3. proposing Graph-merging methods to increase the quality of merged process model.

The Graph-merging method will be evaluated by comparing the obtained merged models with those by other 

existing methods, i.e., Derguech [20] method and Yohanes [18] method. The evaluation uses process models from 

several case studies. The used quality measurements are correctness and precision. This research focuses on elevate 

the quality of combined process models using Graph-merging methods considering behavioral and structural 

aspects.

The remainder of this paper is organized as follows. Section Related Works explains the research gap and pre

liminaries of this research, such as business process models and graph formalization, process model relationships, 

behavioral and structural aspects, and the quality measurement. A detailed description of the proposed method, 

i.e., the Graph-merging method, is presented in Section Methods. The material, the evaluation and the analysis are 

described in Section Analysis and Result. The authors conclude the research in Section Conclusion.

2. Related Works

2.1. Business Processes Analysis (Process Mining) Methods

Process mining is a field of analyzing business processes by depicting the process model or gaining information 

based on the obtained process model [5], [15]. There are several approaches related to forming process models and 

analyzing configurable, consolidated, or variant process models. Based on Table 1, there is still a lack of model-to-

model merging methods that consider various types of relationships, such as sequence and branching relationships, 

as well as additional invisible tasks. To address this gap, the proposed Graph-merging method combines process 

model variants into a single, consolidated process model, supporting heterogeneous relationships, including invis

ible tasks, within the proposed rules.
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2.2. Business Process Models and Graph Formalization

A business process model structurally represents organizational activities and their flows. This model is 

depicted in several modeling languages, such as Business Process Model and Notation (BPMN) [28], Petri Net [29], 

and graph-based process model [5]. In this research, models are formalized as directed graphs G ≔ (Y,S), where 

Y is a collection of nodes (activities) and S ⊆ Y × Y × Z is a collection of edges that represents Z relationships. 

For instance, K ≔ ({ky,ks,kn},{(ky,ks,SEQUENCE),(ks,kn,SEQUENCE)}) means the process model K consists of 

three activities (Y) which are ky,ks,kn and has sequence relationships starting from ky , then ks and finally kn . This 

representation provides the formal basis required to define the rules for merging graph-based process models.

2.3. Relationships in the Process Models

Process models define fundamental relationships, such as sequence and branching (XOR, AND and OR) 

relationships. An XOR relationship indicates that exactly one activity from a given set is executed in a process 

instance. In contrast, an AND relationship denotes that all activities in the set must be executed. For example, 

a graph-based process model G ≔ ({kh,kj,kl,kn,kp,kt,kr},{(kh,{kj,kl},AND),({kj,kl},kn,AND),(kn,{kp,kt},XOR),

({kp,kt},kr,XOR)}) is obtained based on four traces: (kh → kj → kl → kn → kp → kr) , (kh → kl → kj → kn → 

kp → kr) , (kh → kj → kl → kn → kt → kr) , and (kh → kl → kj → kn → kt → kr). An OR relationship specifies 

that one or more activities from the set are executed within a process. For instance, G ≔ ({kh,ki,kj,kl,km}, {(kh,

{ki,kj,kl},OR),({ki,kj,kl},km,OR)} represents traces containing activities kh, km and the combination of ki,kj,kl. In 

the graph-based process model, branching relationships are captured by the SPLIT and JOIN gateways, which are 

encoded as labeled edges within the model.

In this paper, the proposed method addresses invisible tasks. Invisible tasks are added in the process model, 

capturing skipped, redo, switch conditions, and stacked branching relationships. Invisible tasks of stacked branching 

relationships (XOR-AND) are denoted by gray circles in Table 2.

2.4. Behavioral and Structural Aspects of Process Merging

The behavior of a process model refers to the characteristics of the flow that a process model has. The 

characteristic of the flow in question is the sequence of possible execution of activities that exist in the process. The 

causality between activities in the process model can be illustrated by the execution flow that occurs [4], [30]. The 

structure of the process model refers to the dependencies between activities based on the relationships associated 

with each activity [14], [17], [31]. The example of merging process models based on behavioral and structural 

aspects is shown in Table 2.

In the behavioral aspect example, the first variant model has a sequence relationship between activity PC and 

BS, then between activity BS and PI. The second variant model has a sequence relationship between PC and CO 

then between CO and PI. When merging those variant models, activity PC branches to BS and CO, so PC has XOR 

relationships to BS and CO. Then, activity PI has branches from BS and CO, so PI has XOR relationships from 

BS and CO. The resulting merged model is B’ ≔ ({PC,BS,CO,PI},{(PC,{BS,CO},XOR),({BS,CO},PI,XOR)}), as 

visualized in Table 2 where XOR relationships are denoted as XORSplit and XORJoin gateways in the graph model.

In the structural aspect example, the first variant process model applies AND relationship from PC (symbolized 

by ANDSplit gateway) and AND relationship to PI (symbolized by ANDJoin gateway); whereas, the second 

variant employs SEQUENCE relationships for the same activities. Merging these structures yields stacked 

branching (XOR-AND) relationships [5], necessitating the insertion of invisible tasks. The resulting merged 

model is B’ ≔ ({PC,invisibleTask,BS,CO,GD,invisibleTask1,PI},{(PC,{invisibleTask,GD},XOR),(invisibleTask,

{BS,CO},AND),({BS,CO},invisibleTask1,AND),({invisibleTask1,GD},PI,XOR}) which is visualized in Table 2. 

In Table 2, invisible tasks (invisibleTask and invisibleTask1) are represented as gray circles and AND relationships 

are denoted as ANDSplit and ANDJoin.

2.5. Quality Dimension of Merged Models

The quality of merged models is evaluated by correctness and precision. In this paper, the fitness matrix is 

used to assess correctness. The correctness and precision equations are defined in Eq.(1) and Eq.(2).
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Table 2: An example of merging models according to behavioral and structural aspects.

Aspect Types Variation models Expected Merged Models

Behavioral First variant

Trace = {(PC → BS → PI)}

Second variant

Trace = {(PC → CO → PI)}

Structural First variant

Second variant

𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑛𝑒𝑠𝑠𝐺 =
𝑇𝑟(𝐺𝑉𝑎𝑟) ∩ 𝑇𝑟(𝐺𝐶𝑜𝑛)

𝑇𝑟(𝐺𝑉𝑎𝑟)
(1)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝐺 =
𝑇𝑟(𝐺𝑉𝑎𝑟) ∩ 𝑇𝑟(𝐺𝐶𝑜𝑛)

𝑇𝑟(𝐺𝐶𝑜𝑛)
(2)

where Tr(GVar) is traces of all model variants and Tr(GCon) is traces of the consolidated model.

3. Methods

The proposed Graph-merging method integrates both behavioral and structural aspects for consolidating 

business process models. In this approach, merging relationships are denoted by straight lines, while the resulting 

constructs are represented by dotted lines (Fig. 1). Behavioral rules prescribe introducing XOR branches when a 

sequence relationship is merged with an XOR relationship, and the insertion of invisible tasks when a sequence 

relationship is merged with an AND or OR relationships. Structural rules generate invisible tasks, especially 

invisible non-prime tasks, when merging branching relationships.

The detailed rules of the proposed Graph-merging method are formulated in Algorithm 1. The inputs consist 

of the first graph-based model variant (G) and the second graph-based model variant (H). The first variant contains 

a set of activities (A1) and a set of edges (r1), while the second variant has A2 as a set of activities and r2 as a set 

of edges. According to lines 1-3 in Algorithm 1, the approach first checks whether an activity in model G (g) has 

the same name as an activity in model H (h). When common activities are identified, the proposed graph rules are 

applied to merge the corresponding relationships.

The line 4 collects a set of activities that have relationships from activity g (denoted as g1), and the line 5 defines 

a list of activities having relationships from activity h (denoted as h1). Then, the approach checks the relationship 

type of g and g1 (denoted as l1) and the relationship type of h and h1 (denoted as l2). If the relationship types 

are different (line 7), the proposed rules define how different relationships are merged. The first rule is that when 

SEQUENCE and XOR relationships are merged, the SEQUENCE relationship between g and g1 is transformed 

into XOR relationship (lines 8-9). The second rules is deleting the AND relationship between the activity h and its 
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Fig. 1: Hierarchy of dependence in graph-merging method.

successor h1 (line 11), introducing an invisible task in the activity set A2 (line 12), establishing the XOR relationship 

between h and the invisible task then the AND relationship between the invisible task and h1 (lines 13-14), and 

changing the SEQUENCE relationship from g to g1 into the XOR relationship (line 15) when merging SEQUENCE-

AND relationships. The rule of merging SEQUENCE-OR relationships (lines 16-19) follows the same principle 

as SEQUENCE-AND merging, with the distinction that an SEQUENCE-OR merge creates an OR relationship as 

the next relationship of the invisible task (line 18). Similarly, the step-by-step procedure for merging XOR-AND 

relationships follows that of SEQUENCE-AND merging (lines 20-21), while XOR-OR relationships follow the 

same rules as SEQUENCE-OR merging (line 22-23).Finally, merging AND-OR relationships generates invisible 

tasks (lines 27-28), creates XOR relationships between g and the first invisible task and between h and the second 

invisible task (line 29-30), and produces AND relationship between the first invisible task and g1 (line 31) also OR 

relationship between the second invisible task and h1 (line 32) of Algorithm 1.

The proposed rules described in lines 4-32 of Algorithm  1 address merging relationships involving split 

gateways. The same rules are applied for join gateways, but with a reversed perspective (line 33-37). For example, 

when merging an SEQUENCE relationship with a XOR relationship at a XOR-SPLIT gateway, the rule modifies the 

preceding relationship of the common activity, whereas merging at a XOR-JOIN gateway modifies the succeeding 

relationship. Finally, the variants are merged (line 38), resulting in a consolidated graph-based process model.

4. Result and Analysis

4.1. Result

The proposed method was evaluated using three case studies: two case studies from e-commerce system 

and a case study from the solid medical waste handling process [5]. The proposed Graph-merging method is 

compared with other existing methods, i.e., Derguech [20], Yohanes [18], and Graph Semantic Similarity [11]. The 

representative variants of the first e-commerce case study are shown in Fig. 2. Both variants share two common 

activities, namely “Checkout” and “Choose Payment”, which are the basis of applying the proposed merging rules. 

The first variant has two traces, i.e., {(CheckOut → Choose Payment), (CheckOut → Select Voucher → Choose 

Payment)} and the second variant only has one trace: {(CheckOut → Fill Information → Choose Payment)}. In the 
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Algorithm 1: Graph-merging method.

Input: G ≔ the 1st graph-based process model, H ≔ the 2nd graph-based process model

1 G = (A1,r1), H = (A2,r2)

2 for g 𝜖 A1 and h 𝜖 A2 do

3 if name(g) = name(h) then

4 g1 = {a 𝜖 A1 | (g,a,l1) 𝜖 r1}

5 h1 = {b 𝜖 A2 | (h,b,l2) 𝜖 r2}

6 for g1 and h1 do

7 if r1=(g,g1,l1) and r2=(h,h1,l2) and l1 ≠ l2 then

8 if l1 = SEQUENCE and l2 = XOR then

9 (g,g1,SEQUENCE) ↦ (g,g1,XOR)

10 else if l1 = SEQUENCE and l2 = AND then

11 r2 ≔ r2 \ {(h,h1)}

12 A2 ≔ A2 ∪ {invisibleTask}

13 r2 ≔ r2 ∪ {(h,invisibleTask,XOR)}

14 r2 ≔ r2 ∪ {(invisibleTask,h1,AND)}

15 (g,g1,SEQUENCE) ↦ (g,g1,XOR)

16 else if l1 = SEQUENCE and l2 = OR then

17 do step 11 until 13

18 r2 ≔ r2 ∪ {(invisibleTask,h1,OR)}

19 (g,g1,SEQUENCE) ↦ (g,g1,XOR)

20 else if l1 = XOR and l2 = AND then

21 do step 11 until 15

22 else if l1 = XOR and l2 = OR then

23 do step 17 until 19

24 else if l1 = AND and l2 =OR then

25 r1 ≔ r1 \ {(g,g1)}

26 r2 ≔ r2 \ {(h,h1)}

27 A1 ≔ A1 ∪ {invisibleTask}

28 A2 ≔ A2 ∪ {invisibleTask1}

29 r1 ≔ r1 ∪ {(g,invisibleTask,XOR)}

30 r2 ≔ r2 ∪ {(h,invisibleTask1,XOR)}

31 r1 ≔ r1 ∪ {(invisibleTask,g1,AND)}

32 r2 ≔ r2 ∪ {(invisibleTask1,h1,OR)}

33 g1 = {a 𝜖 A1 | (a,g,l1) 𝜖 r1}

34 h1 = {b 𝜖 A2 | (b,h,l2) 𝜖 r2}

35 for g1 and h1 do

36 if r1 = (g1,g,l1) and r2 = (h1,h,l2) and l1 ≠ l2 then

37 do step 8 until step 32 with the reverse relationship

38 GH ≔ G ∪ H

Output: GH ≔ the consolidated graph-based process model

first variant, the activity is associated with an XOR relationship. When SEQUENCE-XOR relationships are merged, 

the SEQUENCE relationships are replaced by XOR relationships, enabling the integration of the two variants. The 

consolidated process model by Graph-merging and comparison methods is visualized in Fig. 3 and represents three 

traces, which are {(CheckOut → Choose Payment), (CheckOut → Select Voucher → Choose Payment), (CheckOut 

→ Fill Information → Choose Payment)}.
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In the second case: e-commerce system case, the traces of first variant (Fig. 4(a)) and the second variant 

(Fig. 4(b)) are {(CheckOut → Fill Information → Select Insurance → Choose Payment), (CheckOut → Select 

Insurance → Fill Information → Choose Payment)} and {(CheckOut → Choose Payment), (CheckOut → Select 

Voucher → Choose Payment)}, respectively. Both of them has two traces. Depicting those traces, the first variant 

has AND relationships, while the second variant has XOR relationship and adds an invisible task. Graph-merging 

method produces the consolidated model (Fig. 5) which represents four traces: {(CheckOut → Choose Payment), 

(CheckOut → Select Voucher → Choose Payment),(CheckOut → Fill Information → Select Insurance → Choose 

Payment), (CheckOut → Select Insurance → Fill Information → Choose Payment)}. Graph Semantic Similarity 

unifies two variants by using AND relationships (Fig. 6) and its obtained model reflects six traces: {(CheckOut 

→ Select Voucher → Fill Information → Select Insurance → Choose Payment), (Check Out → Select Voucher 

→ Select Insurance → Fill Information → Choose Payment), (Check Out → Fill Information → Select Voucher 

→ Select Insurance → Choose Payment), (Check Out → Fill Information → Select Insurance → Select Voucher 

→ Choose Payment),(Check Out → Select Insurance → Select Voucher → Fill Information → Choose Payment), 

(Check Out → Select Insurance → Fill Information → Select Voucher → Choose Payment)}. Derguech and Yohanes 

combine two variants by using OR relationships and Fig. 7 is the result produced by those methods. Because using 

OR relationships, the consolidated models by Derguech and Yohanes generate sixteen traces respectively. The 

traces are {(CheckOut → Choose Payment), (CheckOut → Select Voucher → Choose Payment), (CheckOut → 

Fill Information → Choose Payment), (CheckOut → Select Insurance → Choose Payment), (CheckOut → Select 

Voucher → Fill Information → Choose Payment), (CheckOut → Select Voucher → Select Insurance → Choose 

Payment), (CheckOut → Fill Information → Select Voucher → Choose Payment), (CheckOut → Fill Information 

→ Select Insurance → Choose Payment), (CheckOut → Select Insurance → Select Voucher → Choose Payment), 

(CheckOut → Select Insurance → Fill Information → Choose Payment), (CheckOut → Select Voucher → Fill 

Information → Select Insurance → Choose Payment), (Check Out → Select Voucher → Select Insurance → Fill 

Information → Choose Payment), (Check Out → Fill Information → Select Voucher → Select Insurance → Choose 

Payment), (Check Out → Fill Information → Select Insurance → Select Voucher → Choose Payment),(Check Out 

→ Select Insurance → Select Voucher → Fill Information → Choose Payment), (Check Out → Select Insurance 

→ Fill Information → Select Voucher → Choose Payment)}.

The third case (solid medical waste handling processes) has two variants. The first variant (Fig. 8(a)) forms four 

traces: {(Sort Waste → Put Pathological Waste → Confirm Waste), (Sort Waste → Put Infectious Waste → Confirm 

Waste), (Sort Waste → Put Pathological Waste → Put Infectious → Confirm Waste), (Sort Waste → Put Infectious 

→ Put Pathological Waste → Confirm Waste)}, while the second variant (Fig. 8(b)) visualizes one trace: {(Sort 

Waste → Put Cytotoxic Waste → Confirm Waste)}. The proposed method produces a process model containing 

invisible non-prime tasks for XOR-OR relationships (Fig. 9) to combine those variants. The traces generated from 

the consolidated model of Graph-merging are {(Sort Waste → Put Cytotoxic Waste → Confirm Waste), (Sort Waste 

→ Put Pathological Waste → Confirm Waste), (Sort Waste → Put Infectious Waste → Confirm Waste), (Sort Waste 

→ Put Pathological Waste → Put Infectious → Confirm Waste), (Sort Waste → Put Infectious → Put Pathological 

Waste → Confirm Waste)}. In contrast, the other methods change the relationships into OR relationships (Fig. 10) 

and produces fifteen traces: {(Sort Waste → Put Cytotoxic Waste → Confirm Waste), (Sort Waste → Put Patholog

ical Waste → Confirm Waste), (Sort Waste → Put Infectious Waste → Confirm Waste), (Sort Waste → Put Cytotoxic 

Waste → Put Pathological Waste → Confirm Waste), (Sort Waste → Put Cytotoxic Waste → Put Infectious Waste 

→ Confirm Waste), (Sort Waste → Put Pathological Waste → Put Cytotoxic Waste → Confirm Waste), (Sort Waste 

→ Put Pathological Waste → Put Infectious Waste → Confirm Waste), (Sort Waste → Put Infectious Waste → Put 

Cytotoxic Waste → Confirm Waste), (Sort Waste → Put Infectious Waste → Put Pathological Waste → Confirm 

Waste), (Sort Waste → Put Cytotoxic Waste → Put Pathological Waste → Put Infectious Waste → Confirm Waste), 

(Sort Waste → Put Cytotoxic Waste → Put Infectious Waste → Put Pathological Waste → Confirm Waste), (Sort 

Waste → Put Pathological Waste → Put Cytotoxic Waste → Put Infectious Waste → Confirm Waste), (Sort Waste 

→ Put Pathological Waste → Put Infectious Waste → Put Cytotoxic Waste → Confirm Waste), (Sort Waste → 
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Fig. 2: Snippet model variants of first case: E-Commerce System

Fig. 3: The merged process model of first case produced by Graph-merging, Derguech, Yohanes and Graph Semantic Similarity methods.

Fig. 4: Snippet model variants of second case: E-Commerce System.

Fig. 5: The merged process model of second case produced by Graph-merging.

Put Infectious Waste → Put Cytotoxic Waste → Put Pathological Waste → Confirm Waste), (Sort Waste → Put 

Infectious Waste → Put Pathological Waste → Put Cytotoxic Waste → Confirm Waste),}

This research uses correctness ((1)) and precision ((2)) dimensions to assess the quality of the obtained merged 

methods. For example, based on the third case, the correctness of merged models produced by methods is 1.0 

(5/5), because five traces (four traces from the first variant and one trace from the second variant) are successfully 

visualized in those merged models. The Graph-merging method achieves a precision value of 1.0 (5/5) because 

the obtained merged model represents five traces, and all traces are the same as those from the first and second 
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Fig. 6: The merged process model of second case produced by Graph Semantic Similarity.

Fig. 7: The merged process model of second case produced by Derguech and Yohanes methods.

Fig. 8: Snippet model variants of third case: Solid Waste Handling Process.

Fig. 9: The merged process model of third case produced by Graph-merging.

variants. However, the precision values of other methods are low because each of those merged models represents 

fifteen traces, and only five traces out of those traces are the same as the traces of the first and second variants. 

The precision value of those methods is 0.33 (5/15). The detailed quality measurements of the obtained models are 

described in Table 3. The mean correctness of obtained models by all methods except Graph Semantic Similarity 

are the same (according to Table 3); however, the mean precision of merged models obtained by the Graph-merging 

method is higher than that of the three benchmark methods.

4.2. Analysis

The proposed Graph-merging method provides automatic consolidation of process models containing 

sequences, branching structures, and invisible tasks by considering both behavioral and structural aspects. Across 
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Fig. 10: The merged process model of third case produced by Derguech, Yohanes and Graph Semantic Similarity methods.

Table 3: Quality measurements of obtained models.

Case Algorithms Correctness (0.0 - 1.0) Precision (0.0 - 1.0)

1st Case Graph-Merging 1.0 1.0

Graph Semantic Similarity 1.0 1.0

Derguech 1.0 1.0

Yohanes 1.0 1.0

2nd Case Graph Merging 1.0 1.0

Graph Semantic Similarity 0.0 0.0

Derguech 1.0 0.25

Yohanes 1.0 0.25

3rd Case Graph Merging 1.0 1.0

Graph Semantic Similarity 1.0 0.33

Derguech 1.0 0.33

Yohanes 1.0 0.33

̄𝑥 ± 𝜎 Graph Merging 1.0 ± 0.0 1.0 ± 0.0

Graph Semantic Similarity 0.67 ± 0.47 0.44 ± 0.42

Derguech 1.0 ± 0.0 0.53 ± 0.34

Yohanes 1.0 ± 0.0 0.53 ± 0.34

all case studies, the Graph-merging method consistently produced merged models that represented all traces of 

variants. In contrast, the comparison approaches, i.e., Derguech, Yohanes, and Graph Semantic Similarity, yielded 

models consisting of different traces from those of the variants. In the 2nd case of Table 3, Graph Semantic Similarity 

achieved a 0.0 correctness value because the obtained merging model cannot depict variant traces. As shown in the 

3rd case of Table 3, those three methods achieved a correctness value of 1.0, because their consolidated process 

models contain all variant traces.

When all methods are evaluated using the precision dimension, the precision values of the models by the Graph 

Semantic Similarity, Derguech, and Yohanes methods dropped significantly, as the merged models introduce extra 

traces that are not present in the original variants. The ability of Graph-based merging to generate the invisible 

tasks when merging XOR-AND and XOR-OR relationships improves the precision value of consolidated process 

models.

According to precision values, this research applies an one-way ANOVA to compare the Graph-merging 

method with other methods. The analysis denotes the difference is not statistically significant at the 0.05 level 

(F(3,8) = 1.289, p = 0.34). However, the Graph-merging method obtains high precision values (1.0) in all case 

studies, while the comparison methods, i.e., Derguech and Yohanes, receive an average precision of 0.53 ± 0.34 and 
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Graph Semantic Similarity has 0.44 ± 0.42. The effect size is large (𝜂2 = 0.326), indicating a substantial practical 

impact, despite the limited statistical power due to the small sample size.

5. Conclusion

Manual incorporation of process models risks model inaccuracies and takes a long time. The existing merging 

method has not succeeded in combining process models considering invisible tasks, thereby reducing the quality 

of the combined process model. This study developed a proposed graph method called the Graph-merging method 

to combine process models utilizing behavioral and structural aspects.

This study tested the merging graph by measuring the correctness and precision of the results of the merging 

model using the Graph-merging method compared to the model results from the Graph Semantic Similarity, 

Derguech and Yohanes methods. The evaluation results demonstrate that the precision value of the model formed 

by the Graph-merging method (1.0) was higher than that of Graph Semantic Similarity (0.44) and those of the 

Derguech and Yohanes methods, which both have a value of 0.53. Although the one-way ANOVA declares the 

absence of statistical significance in precision value (F(3,8) = 1.289, p = 0.34), the effect size (𝜂2 = 0.326) indicates 

a significant practical impact. A more than 80% improvement in precision compared to the benchmark algorithms 

proves that the Graph-merging method improves the quality of the combined process model.

The Graph-merging method has not been able to combine process models with different activity names with 

the same meaning and accommodate looping relationships, so that in the future, it can be developed by combining 

semantic similarity and looping relationships.
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