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ABSTRACT In the field of process mining, the discovery of process patterns from event logs remains
a challenging topic and has always interested many researchers. Exploiting the process model remains a
major challenge and is highly dependent on event log characteristics, such as dataset size, the completeness
of the event trace, and especially the complexity of the process model structure. The ρ(rho)-algorithm
is a powerful process mining algorithm that can mine all the structured information control net (SICN),
such as sequential, selective, parallel, and iterative. The ρ-algorithm also faces challenges when mining
complex process patterns, consisting of many SICN primitive patterns combined at multiple levels that
satisfy properties matched pairing and the proper nesting. This paper presents a new approach, defines the
formalization of the multi-level and compound control-flow gateways (ML-CCFG) and a series of rules
for decision-making these gateways, and proposes an algorithm extending from ρ-algorithm (we named
it ρMC-algorithm), that can efficiently discover the SICN-oriented process model containing ML-CCFG
from process instances event log. We developed an implementation system ρMC-algorithm to discover and
visualize in a graphical form SICN-oriented process models from the datasets of the IEEE XES-formatted
process enactment event logs. We also perform a series of experimental analyses using the implemented
system on the process enactment event log datasets to verify the proposed algorithm.

INDEX TERMS Process mining algorithm, structured information control nets (SICN), workflow and
business process model, multi-level and compound control-flow gateways.

I. INTRODUCTION
Process mining allows us to know and better understand
workflow processes from historical records [1]. Using pro-
cess mining techniques, we capture more information about
what happens in the organization to analyze and visualize
the entire system, comparing it with the predefined workflow
model. Therefore, we can make appropriate adjustments to
improve the efficiency of the business process using the
results from the process mining. In the over twenty-year
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history of process mining, uncovering process patterns from
event logs has always been challenging.

Since 2004, many algorithms have been proposed after
Professor W.M.P. van der Aalst et al. proposed the α(alpha)
algorithm [2]. We can talk about the typical process mining
algorithms include those the α family of algorithms with
extended versions α+ [3]; α++ [4]; α# [5], σ (sigma)-
algorithm [6], ρ(rho)-algorithm [7], ILP mining [8], Fuzzy
mining [9], Heuristic miner [10] and Inductive visual
miner (IDM) [11]. Recently, modern systems for managing
processes have encountered various challenges related to
their scalability, including sustainability issues such as
process lifecycle management issues and fidelity issues such
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as process redesign and refactoring, and process performance
measurement issues [12], as well as addressing problems and
engaging in predictive capacity planning [13]. In this dynamic
landscape, the evolution of process discovery algorithms
remains essential to continually adapt to changing data and
the growing intricacy and diversity of workflows. Currently,
most algorithms can discover structures common inworkflow
models, such as sequential, selection, parallelism, and
somewhat loop structures [14]. However, process model
mining highly depends on event log characteristics, such as
the data set’s size, the process model structure’s complexity,
and the event trace’s completeness [15]. The research in [16]
attempted to propose a method to discover hierarchical com-
plex models into multiple sub-process levels and achieved
some positive results. The ρ-algorithm is a powerful process
mining algorithm to discover SICN-oriented process model
from process event log dataset [7]. The ρ-algorithm also faces
challenges in discovering complicated processes, consisting
of many primitive patterns combined at multiple levels that
satisfy properties matched pairing and the proper nesting
follow the definition of the SICN model. This paper presents
an approach that can efficiently discover complex SICN
patterns extended from the ρ-algorithm (we call it ρMC) to
adapt to the evolution of diverse, complex, and large-scale
business processes. We also developed a tool to extract
the process from the event log based on the recommended
algorithm and perform experimental verification on real data
sets. The contributions of this paper are threefold:

1) Firstly, we formally generalize the six types of
ML-CCFG in the SICN-oriented process model.

2) Second, we extend the processing rules for the
ρ-algorithm to accurately discover the SICN-oriented
process model containing ML-CCFG from the process
enactment event log.

3) Finally, we conduct experimental verification and
validation of the ρMC-algorithm with expanded rules
on the event log dataset to discover the SICN-oriented
process model contains ML-CCFG. We concurrently
compare the results of discovering the process model
by our algorithm to some other algorithms to show the
effectiveness of the proposed solution.

The rest of the paper is organized as follows: Section II
discusses the work and the background involved, such as
the SICN-oriented process model, the ρ-algorithm, trace,
events, and temporal work cases. We describe the con-
cept of ML-CCFG, which mainly motivated us to devise
the ρMC-algorithm in Section III. Section IV describes
the experimental verification and validation of the ρMC-
algorithm on discovering the SICN-oriented process model
on the event log dataset. Finally, we conclude this work and
discuss future research directions in section V.

II. BACKGROUND
A. PROCESS, EVENT LOG, TRACE, EVENT AND ACTIVITY
In the context of process mining, a process is a series of
steps or stages from start to end to complete a particular

task. The process enactment event log is an activity log
created during the operation of a process-aware information
system [17]. Each event in an event log refers to an activity
possibly executed by a resource (performer) for a specific
process instance (trace) at a specific time [18]. Each event
has many attributes, e.g., transaction information, costs,
customer, location, unit, etc. In this paper, we focus on
control-flow perspective to discover the sequence of activities
in a business process [19]. Thus, we just consider the activity
and the ordering of events within the trace. Since 2016,
event log files have been uniformly stored in a standard
format called IEEE XES [20]. Table 1 shows an example
of information commonly found in the event log cutting out
from the Review Example Large even log [21], where each
recorded activity is related to the execution of a process
instance.

TABLE 1. A cutting out of review example large event log.

B. STRUCTURE INFORMATION CONTROL NETS
Our research based on the structured information control
networks (SICN) to represent business process models
(workflowmodel) [22]. We rewrite the definitions as follows:
Definition 1 (SICN): A basic SICN is 8-tuple 0 =

(δ, ρ, λ, ε, π, κ, I ,O) over a set of A activities (including a
set of group activities), a set T of transition conditions, a set
D of data repositories, a set of G of invoked application
programs, a set R of roles, and a set P of performers
(including a set of performer groups), where

- I is a finite set of initial input repositories, which is
assumed to be loaded from some external workflow
before execution;

- O is a finite set of final output repositories, which is
assumed to be transferred to some external workflow
after execution;

- δ = δi
⋃

δo where, δo: A → ℘(A)1 is a multi-valued
function mapping an activity to its sets of (immediate)
successors, and δi: A → ℘(A) is a multi-valued
function mapping an activity to its sets of (immediate)
predecessors;

- ρ = ρi
⋃

ρo where, ρo: A → ℘(D) is a multi-valued
function mapping an activity to its set of output repos-
itories, and ρi: A → ℘(D) is a multi-valued function
mapping an activity to its set of input repositories;

- λ = λa
⋃

λg where, λa: A→ ℘ (G) is a single-valued
function mapping a task-type activity to its invoked
application program, and λg: G → ℘ ()A) is a

1℘(A) is the powerset of A.
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multi-valued function mapping an invoked application
program to its set of associated task-type activities;

- ε = εa
⋃

εr where, λa: A→ ℘ (R) is a single-valued
function mapping a task-type activity to a role, and λr :
R→ ℘ (A) is a multi-valued function mapping a role to
its sets of associated task-type activities;

- π = πr
⋃

πp where, πp: R→ ℘ (P) is a multi-valued
function mapping a role to its sets of associated
performers, and πr : P → ℘ (R) is a multi-valued
function mapping a performer to its sets of associated
roles;

- κ = κi
⋃

κo where, κi: (A x A) → ℘ (T) is
a multi-valued function mapping a set of control-
transition conditions, T, on directed arcs (ordered pairs),
(δi(α);α ∈ A), from δi(α) to α; and κo: (A x A)→ ℘

(T) is a multi-valued function mapping a set of control-
transition conditions, T, on directed arcs (ordered pairs),
(α ∈ A, δo(α)), from α to δo(α).

1) STARTING AND TERMINATING NODES
Additionally, the execution of a workflow model commences
by a single χ transition-condition. So, we always assume
without loss of generality that there is a single starting
node(αI ). At the commencement, it is assumed that all input
repositories in the set I have been initialized with data by the
external system:

αI ∈ A|δi(αI ) = {∅} ∧ κo(αI ) = {{χ}}.

The execution is terminated with any one λ outgoing
transition-condition. Also we assume without loss of gener-
ality that there is a single terminating event node (αF ) that
has no to-node without any outgoing arc. A set of the output
repositories O is a group of data holders that is transferred to
the external workflow model after termination:

αF ∈ A|δo(αF ) = {∅} ∧ κi(αF ) = {{λ}}.

2) CONTROL FLOW: TEMPORAL ORDERING OF ACTIVITIES
Given a formal definition, the forward temporal ordering of
activities (event-type, gateway-type, task-type activities) in a
workflow model can be formally represented as follows: For
any type of activity α, in general:

δ(α) = {

{β11, β12, . . . , β1m(1)},

{β21, β22, . . . , β2m(2)},

. . . ,

{βn1, βn2, . . . , βnm(n)},

}

means that upon the completion of activity α, a transition that
simultaneously initiates all of the activities βi1 through βim(i)
occurs, which is called a parallel transition; otherwise only
one value out of i(1≤i≤n) is selected as the result of a decision
made within activity α, which is called a decision transition.
Note that if n = 1∧m = 1, then neither decision nor parallel

FIGURE 1. The SICN control-flow primitive patterns.

is needed after completion of activity α, which means that
the transition is a sequential transition. Additionally stating
to make sure, if m(i) = 1 for all i, then no parallel processing
is initiated by completion of α.

3) GRAPHICAL FORMATION
Based on the interpretation, we graphically define these
primitive transition types as shown in Figure 1. There are four
types of transition (Control-flow) in the SICN-Based process
model. The circles with the labels inside represent the activity
(for example, here a, b, c, d), and the nodes we call Gateway-
Transition, including the OPEN-Transition (Open or Split
Gateway) and the corresponding CLOSE-Transition (Close
or Join Gateway). In the linear pattern, the activity follows the
activity in sequential order. There is no Gateway-Transition
in the linear pattern. In the conjunctive pattern, an activity that
has a conjunctive (or parallel) Gateway-Transition (AND-
Gateway) that is graphically represented by a black dot,
followed by two or more activities, those following activities
will be performed. In the disjunctive pattern, an activity has a
disjunctive (or decision) Gateway-Transition (OR-Gateway)
is represented graphically by a white dot followed by two or
more activities. Only one of the following activities will be
performed next. In the repetitive pattern, an activity has an
iterative Gateway-Transition (LOOP-Gateway) represented
graphically by a double empty dot. The activities inside the
loop area will be performed repeatedly. In the SICN process
modeling methodology, the definition of structural formation
means the SICN model is satisfied by keeping the model
matched pairing property and the proper nesting property.

C. THE ρ-ALGORITHM
The ρ-Algorithm is a proportional process mining algorithm
[23], [24] that can discover process mining SICN-oriented
from process enactment event log dataset [7]. The
ρ-Algorithm consists of three steps as following:

• Step 1: Mining groups of temporally ordered Adjacent
Activity pairs. This stepmines a chronologically ordered
group of adjacent activity pairs from temporal work-
cases of the process instance event logs.

• Step 2: Building up a Weighted Adjacent-Activity
Set and its Weighted Process Pattern Graph. This
step constructs all chronologically ordered groups of
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FIGURE 2. The stepwise of implementing the ρ-algorithm.

adjacent active pairs, each corresponding to an event
trace process instance. The final output of this step is
a weighted contiguous set of operations represented as a
Weighted Process Pattern Graph.

• Step 3: Discovering All the Structural Process Pat-
terns and building up a SICN. This step discovers
SICN-Oriented process model from all groups of
contiguous activity pairs ordered by time.

Figure 2 depicts each step of the ρ-algorithm to discover
SICN-oriented process model from the event log dataset (L).
Step-1, the algorithm extracts five temporal workcases and
group temporal Adjacent-Activity pair, each corresponding
to each process instance (trace) from the process enactment
event log dataset (L); Step 2, the algorithm fragment each
temporary workcase into a chronologically ordered group of
contiguous activity pairs and convert into a weighted adjacent
activity set by ρX operation [7]; Step-3, the algorithm
finally discovers a SICN-oriented process model based on
the decision-makings patterns for open and closed gateway
respectively.

III. APPROACH
In the reality of business operations, the workflow processes
can be highly diverse and change frequently. In process
discovery SICN-oriented, one of the significant problems
is how to mine four primitive control flows [22] and their
classification (i.e., Linear, Disjunctive OR control, Conjunc-
tive AND control, Repetitive LOOP control). Furthermore,
these control flows will not simply appear separate but be
combined or nested. The SICN-oriented process must not
only ensure strict properly but also show the exact story

of workflow that event log data gives, thereby helping the
manager make decisions to improve the model and improve
the business performance. Explicitly uncovering parallel,
selection, or redo flow contributes to constructing clearly
control flows in the SICN-oriented process model and will
be a base support for making decisions and improving the
business operations. In the next subsection, we describe the
concept of complex process models and approaches and an
algorithm to discover it from the event log.

A. ML-CCFG
When building a SICN-oriented process model, we use
four control-flow primitives for representing the model.
As mentioned in the previous section, the discovered process
model can be simple with control-flow primitives or very
complex depending onworkflow characteristics and event log
data. The SICN-oriented process model becomes complex
when combining many transaction gateway types at multi-
levels. The concept of Multi-Level and Compound Control-
flow Gateways in this paper means a group of SICN
Control-flow primitive patterns created in the SICN-oriented
process model includes two layers of meaning. The first
layer isMulti-level, and the second is Compound. The former
means that there are multiple levels of SICN Control-flow
primitive patterns in the group, and the latter indicates
that there is a combination of SICN control-flow multiple
primitive patterns in the group. Figure 3 depicts the six
types of ML-CCFG, including the Parallel-AND open ML-
CCFG, Parallel-AND close ML-CCFG, Exclusive-OR open
ML-CCFG, Exclusive-OR close ML-CCFG, Iterative-LOOP
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FIGURE 3. The six types of ML-CCFG.

open ML-CCFG, and Iterative-LOOP close ML-CCFG
respectively.

Figure 3(a) illustrates a graphical formation of a Parallel
AND open ML-CCFG with three levels from level 0 to level
2. The root level, i.e., level 0, is the AND open gateway.
The next level, i.e., level 1, includes an OR open gateway
and an activity (k). Finally, level 2 includes AND open
gateway and LOOP open gateway. Figure 3(b) illustrates a
formal generalization of a Parallel AND close ML-CCFG
with three levels from level 0 to level 2. The highest level,
ie, level 0, is the AND close gateway. The next level, i.e.,
level 1, includes an OR close gateway and an activity (k).
Finally, level 2 includes AND close gateway and LOOP close
gateway. Similarly, Figure 3 (c, d, e, and f) illustrates a formal
generalization for Exclusive-OR openML-CCFG, Exclusive-
OR close ML-CCFG, Iterative-LOOP open ML-CCFG, and
Iterative-LOOP close ML-CCFG respectively. Note that the
dots (. . . ) implies that, depending on the complexity of the
process, they can havemore control-flow primitive patterns at
deeper levels, i.e., levels 4, 5, etc, as well asmore control-flow
primitive patterns in a level. For the sake of brevity, we will
sometimes refer to six types ofML-CCFG respectively: AND
open iL-CCFG, AND close iL-CCFG, OR open iL-CCFG,
OR close iL-CCFG, LOOP open iL-CCFG, and LOOP close
iL-CCFG, where i is the number of level in the ML-CCFG.
For example, an OR open 4L-CCFG is an Exclusive-ORML-
CCFG with three levels from level 0 to level 3.

B. DISCOVERING STRUCTURAL FORMATIONS
OF ML-CCFG
This subsection proposes additional rules extending from the
ρ-Algorithm to discover the SICN-oriented process model
containing ML-CCFG. The motivation for our work arises
from the increasing need for process mining algorithms that
can handle more and more complex patterns in real-world
event log datasets. To build a SICN-oriented process model,
it is essential to have rules to decide when to open-gateways
and close-gateways. These rules were introduced in [22] and
were executed at STEP 3-2 of the ρ-Algorithm. We consider
the following example to see how the ρ-Algorithm has
not effectively coped with some specific consist of many
primitive processes at multi-levels.

1) RUNING EXAMPLE
Consider the sample event log with six temporal workcases
as follows L= (aeeed, ade, acdb, abcd, acbd, abcd), in which
a, b, c, d, e are activities. Figure 4 (a). depicts the process
pattern after removing deliberate-noise [7], and Figure 4
(b). depicts the SICN-oriented process model discovered by
implementing ρ-Algorithm from the sample event log. The
problems that appear here are: (i) the SICN model is not
reasonable when it violates the rules of opening and closing
the corresponding gateway, i.e., matched pairing property
[22], (ii) the one gateway has only one child node (activity)
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FIGURE 4. The weighted process pattern graph (a) and the SICN-oriented process model discovered (b) from the Sample event log.

TABLE 2. Rules for decision making ML-CCFG.

violates the rules of control-flow primitive pattern, (iii) and
the model decide the wrong gateway for the combination
multi-level of primitive patterns of nodes leads to not being
able to play-out temporal workcases correctly. To solve the
problems the ρ-algorithm encountered, we needed to add
rules to help the ρ-algorithm deal with these complex cases
as subsection following.

2) THE RULES FOR DECISION-MAKING A ML-CCFG
Let a weighted process pattern graph G = (V, E), where V
is the set of nodes/vertices(activities), and E is the set of
directed arcs connecting the vertices. Let ρX be the list of

ρ values of all nodes in V, calculated by the ρ-function [7].
Our key idea is to traverse depth-first to build the lowest level
gateway, i.e., the primitive patterns, and traverse breadth-first
to combine the primitive pattern to build the complex gateway
based on the main idea of the ρ-Algorithm. To detect and
construct SICN compound patterns from G, along with the
original rules of the ρ-Algorithm, we are adding a set of rules
to decide on a current node(crN) that can be an ML-CCFG.
Considering the case of open gateway, the ρ values of the
parent nodes satisfy simultaneously two of these conditions:
(i) the ρ values of the child nodes are equal of each other but
different from the ρ value of parent node; (ii) the ρ values of
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Algorithm 1 Dicovery Loop Gateways From Weighted
Process Pattern Graph
Require: A Weighted Process Pattern Graph G = (V, E)
Require: A dictionary of rho values of nodes ρ

Ensure: A Weighted Process Pattern Graph with Loop
Gateways G, A updated dictionary ρ

1: OpenIdx← 0
2: CloseIdx← 0
3: for (∀v ∈ G) do
4: if v.edgeInComing > 1 then
5: for (∀f ∈ v.fathers) do
6: if (ρ(f )<ρ(v) and hasCycle(v, f ) then
7: OpenIdx ← OpenIdx + 1
8: ρ[LOIdx]← ρ(v)− |(f , v)|
9: V.add(LOIdx)

10: for (∀f ∈ v.fathers) do
11: E.add((LOIdx, v))
12: E.add((f, LOIdx))
13: E.remove((f , v)
14: end for
15: end if
16: end for
17: end if
18: if v.edgeOutGoing > 1 then
19: for (∀s ∈ v.sons) do
20: if (ρ(s)<ρ(v) and hasCycle(v, s) then
21: CloseIdx ← CloseIdx + 1
22: ρ[LCIdx]← ρ(v)− |(v, s)|
23: V.add(LCIdx)
24: for (∀s ∈ v.sons) do
25: E.add((s, LCIdx))
26: E.add((LCIdx, s))
27: E.remove((v, s)
28: end for
29: end if
30: end for
31: end if
32: end for

some child nodes are equal to the ρ value of parent node, but
the rest of the nodes do not; (iii) existing several child node
pairs (or triplets, quadruplets and so on) whose sum of ρ value
of them is equal to ρ value of parent node. These conditions
are similar for close gateways. We summarized the rules
of decision-making for discovering ML-CCFG specified in
Table 2.

3) THE ρMC-ALGORITHM
The ρMC-algorithm is divided into two phases. In the
first phase, we create all the LOOP gates for the process
model. In the next phase, we will create AND/OR gateway
at the primitive patterns and combine them based on the
previous decision-making rules. The first phase is performed
by Algorithm 1. As you can see in the pseudocode, we look
at the current node with its edgeInConming/edgeOutGoing

Algorithm 2Create And/ORGateway for SICNModel From
Weighted Process Pattern Graph
Require: A Weighted Process Pattern Graph G=(V, E)
Require: A dictionary of rho values of nodes ρ

Require: A type of gate t , a vertex v, a list of node Ln
Ensure: A Weighted Process Pattern Graph with SICN-

Gateway GSICN

1: procedure CreateGate(V,E,ρ, t, v,Ln)
2: V.add(t)
3: if ‘‘OR’’ in t then
4: ρ[t] =

∑
k∈Ln ρ(k)

5: end if
6: if ‘‘AND’’ in t then
7: ρ[t] = ρ(Ln[0])
8: end if
9: if ‘‘Open’’ in t then ▷ Create OpenGate
10: E.add((t, v))
11: for (∀n ∈ Ln) do
12: E.add((t, n))
13: E.remove((v, n)
14: end for
15: end if
16: if ‘‘Close’’ in t then ▷ Create CloseGate
17: E.add((v, t))
18: for (∀n ∈ Ln) do
19: E.add((n, t))
20: E.remove((n, v)
21: end for
22: end if
23: end procedure

(parent/child) and whether existing a cycle between them
to create a LOOP Open/Close gateway. Then algorithm
calculates the ρ value for the added LOOPgateway, excluding
the number of redo times. This will form the correct basis for
comparing proportional ρ values to decide on a ML-CCFG
according to the proposed rules in the next phase.

To do the second phase, we build a procedure to create
a gateway for transforming the block process pattern in
the Weighted Process Pattern Graph into a SICN-oriented
model by Algorithm 2. The main part of the proposed
approach is Algorithm 3 to identify and transform the
process pattern graph to the SICN-oriented process model
containing ML-CCFG. Algorithm 3 will travel in the graph
to create AND/OR gateway at primitive patterns and combine
them based on the previous rules. Once a node satisfies
the rules constituting the primitive pattern is identified, the
CREATGATE procedure in Algorithm 2 is called to add the
gateway into the graph.

IV. EXPERIMENTAL RESULTS
A. DATASETS
We implemented a series of experiments to evaluate the
effectiveness of the proposed ρMC-algorithm and applied
it to three process logs. Table 3 shows a summary of the
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Algorithm 3 Discovery SICN-Oriented Process Model
Require: A Weighted Process Pattern Graph G = (V, E), A dictionary of rho values of nodes ρ

Ensure: A Structure Information Control Net Graph GSICN

1: OpenIdx← 0
2: CloseIdx← 0
3: for (∀v ∈ G) do
4: if v.edgeOutGoing > 2 then ▷ Checking the rule for AND/OR compound open gateways
5: sonsOfAndOpen← []
6: sonsOfOrOpen← []
7: for (∀son ∈ v.sons) do ▷ Checking the rule to create primitive AND/OR OpenGate
8: if (ρ(son) == ρ(v)) then
9: sonsOfAndOpen.add(son)

10: end if
11: if (ρ(son) < ρ(v)and(

∑
∀v∈sonsInOrOpenGate ρ(v)+ ρ(son) ≤ ρ(v)) then

12: sonsOfOrOpen.add(son)
13: end if
14: end for
15: if len(sonsOfAndOpen)>1 then
16: OpenIdx ← OpenIdx + 1
17: tgate← ‘‘AND-Open’’ + str(OpenIdx)
18: CreateGate(V,E,ρ, tgate, v, sonsOfAndOpen) ▷ Call procedure CreateGate in Alogrithm 1
19: end if
20: if len(sonsOfOrOpen)>1 then
21: OpenIdx ← OpenIdx + 1
22: tgate← ‘‘OR-Open’’ + str(OpenIdx)
23: CreateGate(V,E,ρ, tgate, v, sonsOfOrOpen)
24: end if
25: end if
26: if v.edgeInComing > 2 then ▷ Checking the rule for AND/OR compound close gateways
27: fathersOfAndClose← []
28: fathersOfOrClose← []
29: for (∀father ∈ v.fathers) do ▷ Checking the rule to create primitive AND/OR CloseGate
30: if (ρ(father) == rho(v)) then
31: fathersOfAndClose.add(father)
32: end if
33: if (ρ(father) < ρ(v)and(

∑
∀v∈fathersInOrCloseGate ρ(v)+ rho(father) ≤ ρ(v)) then

34: fathersOfOrClose.add(father)
35: end if
36: end for
37: if len(fathersOfAndClose)>1 then
38: CloseIdx ← CloseIdx + 1
39: tgate← ‘‘AND-Close’’ + str(CloseIdx)
40: CreateGate(V,E,ρ, tgate, v, fathersOfAndClose)
41: end if
42: if len(fathersOfOrClose)>1 then
43: CloseIdx ← CloseIdx + 1
44: tgate← ‘‘OR-Close’’ + str(CloseIdx)
45: CreateGate(V,E,ρ, tgate, v, fathersOfOrClose)
46: end if
47: end if
48: end for

basic information of these three datasets. The first dataset
is the Sample log dataset mentioned in the running example
above. The second dataset is the review-example-large

event logs [21]. This process log contains 10,000 traces,
236360 events, and 14 activities with several iterative
constructs. This dataset contains process instances about the
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TABLE 3. Summary of the event log datasets.

FIGURE 5. The SICN-oriented process model discovered from the sample log by implemented ρMC-algorithm.

review process for a journal. For review, a paper will be
sent to three different reviewers. Reviewers are invited to
write a review. In practice, reviewers often do not respond
for various reasons. Therefore, it is not always possible to
decide on the first round of review. When a paper has not
received sufficient reviews, it is necessary to invite additional
reviewers. This process is repeated until a final decision
(accept or reject) can be made. Therefore, this workflow
will contain several multiple and compound patterns. The
third dataset is the large bank transaction dataset [21]. This
is a non-noise and synthetic process enactment event log
dataset, which is very appropriate and ideal to be used for
validating the functional correctness of a certain process
mining algorithm. There are 113 activities associated with
the total number of 10,000 traces and 678864 events in
this log dataset. Thus, the SICN-oriented process model
from these datasets potentially contains ML-CCFG, making
them suitable for testing the ability of the ρMC-algorithm
to discover a process model. The following subsection
will present the experiments and results of discovering
structural formations of ML-CCFG on three of the given
datasets.

B. RESULTS
To prove the proposed algorithm can work effectively,
we built a system to implement it and conducted verification

experiments. We use Cytoscape2 and Graphviz3 libraries to
visualize and manipulate the process patterns.

In the first experiment, we mined the process model on
the Sample Log dataset. Figure 5 depicts the results of the
visualized modeling. Specifically, Figure 5(a) is the process
pattern, including deliberate noises (which were visualized in
pink color), and Figure 5(b) is the constructed SICN-oriented
process model visualized by Cytoscape. Figure 5(c) is
the SICN-oriented process model displayed in Graphviz
formatted. Appling rules 1, 2, 3, and 4 for the entire model,
we successfully transform the weighted process pattern graph
to SICN-oriented process model with created ML-CCFG
are Parallel-AND open 3L-CCFG (AND_Open_3); Parallel-
AND close 3L-CCFG (AND_Close_3), Exclusive-OR open
2L-CCFG (OR_Open_3), and Exclusive-OR close 2L-CCFG
(OR_Close_3). It can be seen that the process model
discovered was a perfect fit according to the SICN rules,
i.e., matched pairing property as well as the proper nesting
property, correctly uncovering the ML-CCFG for the event
log. All disjunctive/ conjunctive/ repetitive OPEN gateways
and CLOSE gateways are created and paired strictly, and all
gateways are created and coupled tightly. Simultaneously, it is
easily confirmed that the process model discovered can play
back all the temporary workcases correctly.

2https://cytoscape.org/
3https://graphviz.org/
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FIGURE 6. The SICN-oriented process model discovered from the review example large dataset by implemented ρMC-algorithm.

We discovered the SICN-oriented process model from
a large-scale process dataset in the second experiment.
Figure 6 Depicts the results of discovered SICN-oriented
process model from the review example large data set.
We consider two blocks, the Invite reviewers, collect
reviews block and the Invite additional reviewer, get review
X, time-out X block (visualized as blue rounded dotted
rectangles). These blocks consist of many nodes (activities)
and arcs (control-path) inside are potential blocks to form
the ML-CCFG when building the SICN-oriented process
model. Figure 6(a) shows the weighted process pattern
graph visualized using Cytoscape. Figure 6(b) shows the
SICN-oriented process model discovered and visualized
using Cytoscape. Figure 6(c) is the discovered SICN-oriented
process model displayed in Graphviz format. Meanwhile,
Figure 6(d) results from discovered SICN-oriented process
model visualized in Graphviz format implemented by the
mining system in [25]. There are two significant differences
in the model discovered by the expansion algorithm and the
original ρ-Algorithm, as seen in Figure 6(c) and Figure 6(d),
respectively. First, applying rules 3 and 4 for the Invite
reviewers, collect reviews block, our newly discovered model
in Figure 6(c) shows that we have correctly discovered the
ML-CCFG for this block. A review submission will be
made with three reviewers simultaneously, i.e., a Conjunctive
(Parallel-AND) open gateway must be created following

Invite reviewers activity, and a Conjunctive (Parallel-AND)
close gateway must be created preceding collect reviews
activity. Moreover, for each reviewer, the editorial board will
either get their review or will wait a period (time-out) with
no response, so that each pair works (get review 1, time-out
1), (get review 2, time-out 2), (get review 3, time-out 3) must
be divided into disjunctive (Exclusive-OR) primitive pattern,
each group corresponding to the receiving back or not from
the corresponding reviewer 1, reviewer 2, and review 3. As a
result, we have a Parallel-AND open 2L-CCFG, a Parallel-
AND close 2L-CCFG discovered from the Invite reviewers,
collect reviews block. This resulting model can be done
more perfectly than the SICN-oriented model discovered by
the original ρ-algorithm depicted in Figure 6(d). Second,
we apply rule 5 and rule 6 for the Invite additional reviewer,
get review X, time-out X block. When the editorial board
has not collected enough three reviews, they will have to
repeat the process of sending a review invitation to another
reviewer and may also receive a response get review X or
not after a period time-out X. Similar to the analysis for the
review collection activity from reviews 1, 2, and 3 mentioned
previously, in this block, get review X, time-out Xmust be into
a disjunctive (Exclusive-OR) primitive pattern. Moreover,
this block is carried out by repeating the operation iteratively
until a paper receives enough review from three reviewers and
is reached the conclusion of either accepting or rejecting the
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FIGURE 7. The SICN-oriented process model discovered from the large bank transaction dataset by implemented ρMC-algorithm.

paper. Therefore, our discovered model can clearly identify a
Iterative-LOOP open 2L-CCFG and a Iterative-LOOP close
2L-CCFG discovered from the Invite additional reviewer, get
review X, time-out X block, as shown in Figure 6(c). The
discovered SICN-oriented process model in Figure 6(d) did
not deal with this block precisely.

In the third experiment, we performed mining ML-CCFG
from the Large Bank Transaction process dataset. Figure 7.
shows the result of this experiment, the left side is the process
pattern graph, and the right side is discovered SICN-oriented
process model in Graphviz format. We consider the SHRRP,
FHRRP block (visualized as blue dotted shape). Appling
rule 1 for node SHRRP, an Exclusive-OR open 3L-CCFG
following SHRRP was created. Appling rule 2 for node
FHRRP, an Exclusive-OR close 3L-CCFGprecedingFHRRP
was created. Appling rule 5 for node SHRRPC, an Iterative-
LOOP open 2L-CCFG preceding FHRRPC was created.
Appling rule 6 for node FHRRPC, an Iterative-LOOP
compound 2L-CCFG following FHRRPC was created.

So far, by conducting three experiments, we show
that our algorithm, with the added extending rules along
with the implemented system, efficiently discovered the
SICN-oriented process model containing ML-CCFG strictly
complies with matched pairing property and the proper nest-
ing property in each compound gateway. Finally, the results
of the experiments mining ML-CCFG were summarized
in Table 4. In the table, the first column consists of the
name of the event log dataset, and the entire or a block of
the process pattern graph contains ML-CCFG. The second
column describes the rules applied to mining the ML-CCFG.
The third and fourth columns are images of the entire or
partial process patterns and the result of transforming them
to ML-CCFG implemented by the proposed algorithm. Our
results show that the algorithm discovered the SICN-oriented
process model in a rigorous, reasonable, and detailed. In the
following subsection, we provide details of the results of
experiments on three datasets and compare them to the
algorithms ρ-algorithim original [7], α# [5], ILP [8], and
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TABLE 4. Summary of experimental verification cases applied rules, partial process patterns, and ML-CCFG discovered results.

IDM [26]. We used the ProM 6.12 tool [27] to implement
the α#, ILP, and IDM algorithms because these algorithms
are recently developed and are freely available in the toolkit.

Specifically, in Table 5, the process model discovered by
the ρMC on the Sample log is equivalent to the discovered
model by the IDM algorithm and more reasonable than all
other algorithms. We can see that α# and ILP algorithms
fail to discover loop patterns (activity e) in the process
model. Meanwhile, the ρ-algorithm violates the match paring

property and forms a gateway as the definition of the SICN
model.

In Table 6, our result on the review example large
dataset shows that our approach deals well with both blocks
(i.e. Invite reviewers, collect reviews block and the Invite
additional reviewer, get review X, time-out X block), while
the rest of the algorithms cannot explore both blocks well.

In Table 7, the results of the discovered process model
implemented by our algorithm on the large bank transaction
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TABLE 5. Process model discovered from sample log.
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TABLE 6. Process model discovered from review example large log.
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TABLE 7. Process model discovered from large bank transaction log.
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set, while the remaining algorithms cannot discover the
model (time-out). This also depicts another aspect of
discovering models on very large-scale datasets. The result
shows that our proposed algorithm is extremely powerful
when coping well with a large-scale process containing more
than 600,000 events. This shows the scalability potential
of the proposed method in handling event logs in today’s
growing big-data environment.

V. CONCLUSION
In this paper, we proposed an extending algorithm from
the ρ-Algorithm, called the ρMC-Algorithm, capable of
discovering multiple and compound SICN process patterns
from event logs. Our experimental verification of the datasets
shows that the ρMC-Algorithm effectively discovers SICN
process patterns from event logs. Consequently, our work in
this paper makes several contributions to the field of process
mining:

• We defined and introduced the concept of ML-CCFG,
which may be encountered in real-world event logs.

• Proposed the ρMC-algorithm by extending the pro-
cessing rules of the ρ-algorithm to discover the
SICN-oriented process model containing ML-CCFG
from the process logs.

• Our experimental evaluation proved that the proposed
approach could discover the ML-CCFG from the
process event log datasets. Moreover, the experimental
results also show that the proposed approach not only
achieves more reasonable results compared to other
approaches (Tables 5, 6) but also can discover process
models on very large datasets (Table 7).

We believe that the proposed algorithm has the potential
to advance the field of process mining and provide valuable
insights into complex processes in real-world business
operations. In the future, we plan to integrate this research
with artificial intelligence to solve real-world problems, such
as using deep learning to support functions of learning
management systems [28] or reinforcement learning-based
intelligent decision-making [29].
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