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on deriving descriptive process models from event logs, which form the basis for conformance
Domain knowledge

checking, performance analysis, and other applications. Traditional process discovery techniques
predominantly rely on event logs, often overlooking supplementary information such as domain
knowledge and process rules. These rules, which define relationships between activities, can
be obtained through automated techniques like declarative process discovery or provided by
domain experts based on process specifications. When used as an additional input alongside
event logs, such rules have significant potential to guide process discovery. However, leveraging
rules to discover high-quality imperative process models, such as BPMN models and Petri nets,
remains an underexplored area in the literature. To address this gap, we propose an enhanced
framework, IMr, which integrates discovered or user-defined rules into the process discovery
workflow via a novel recursive approach. The IMr framework employs a divide-and-conquer
strategy, using rules to guide the selection of process structures at each recursion step in
combination with the input event log. We evaluate our approach on several real-world event
logs and demonstrate that the discovered models better align with the provided rules without
compromising their conformance to the event log. Additionally, we show that high-quality rules
can improve model quality across well-known conformance metrics. This work highlights the
importance of integrating domain knowledge into process discovery, enhancing the quality,
interpretability, and applicability of the resulting process models.

1. Introduction

Information systems are widely implemented across organizations to support and manage their processes. These processes can
range from order-to-cash workflows in supply chain management to billing in hospitals, university systems assisting students with
course registration and examinations, or claim handling in insurance companies. Across these domains, actions performed by various
resources are recorded in databases, generating event-based data. This data serves as the foundation for process mining, a field
dedicated to discovering process models, conducting conformance checking, and optimizing processes. By leveraging event logs,
process mining provides organizations with valuable insights to analyze and improve their operations effectively.
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One of the core analyses in process mining is process discovery, which focuses on generating descriptive process models
from event logs. These models enable organizations to understand how their processes operate, identify deviations from expected
behaviors, and uncover inefficiencies such as bottlenecks. However, relying solely on event logs often results in models that lack
alignment with domain knowledge or specific operational rules, limiting their practical utility and accuracy.

Incorporating supplementary information, such as process rules or domain knowledge, can significantly enhance the quality of
discovered models. Declarative constraints, such as those expressed in the Declare language, are commonly used to capture process
rules for modeling and conformance checking. Despite their widespread use in related tasks, leveraging such rules for discovering
imperative models, like BPMN or Petri nets, remains under-explored. Recent efforts, such as [1], have demonstrated that integrating
user-defined or discovered rules into process discovery workflows can improve model quality, but several challenges remain.

In this work, a rule refers to any specification that deterministically evaluates whether an observed process behavior is allowed
or disallowed. Rules can be derived using various methods, including:

— Automated Discovery: Extracting rules from event logs using tools like Minerful or DeclareMiner to mine declarative
constraints.

— Normative Guidelines and Documentation: Deriving rules from formal documentation, such as study plans specifying course

sequences and prerequisites.

Natural Language Processing (NLP): Extracting rules from process documentation or expert conversations using NLP

techniques.

Expert Input: Capturing rules directly from domain experts based on their knowledge and understanding of the process.

The IMr framework proposed in [1] integrates such rules into process discovery, starting with an event log and a set of
user-defined or discovered rules. However, integrating rules into an inductive mining-based process discovery introduces some
challenges. The representational bias of this algorithm favors the discovery of block-structured models, which, although easy to
interpret and effective in many scenarios, are less flexible than declarative rules in capturing complex activity relations such as
long-term dependencies. Additionally, process discovery algorithms must balance adherence to rules with generating interpretable
and generalizable models.

In this paper, we extend the IMr framework introduced in [1] to address these challenges and enhance its theoretical,
methodological, and practical contributions. Specifically, our work introduces the following innovations:

— A general mathematical foundation for integrating rules into process discovery, enabling support for a broader range of rule
specification languages.

— Improvements to rule-handling heuristics, allowing the algorithm to identify promising cuts even when no rule-compliant
options are available, rather than defaulting to rule-agnostic discovery.

— A new evaluation metric to measure rule deviations and their significance, offering a more comprehensive assessment of the
alignment between discovered models and input constraints.

— An extended evaluation using various rule discovery configurations, comparing rule-based discovery with baseline methods
(e.g., rule-agnostic approaches) and state-of-the-art techniques such as Split Miner.

The remainder of this paper is organized as follows. In Section 2, we review the existing literature relevant to our method.
Section 3 introduces the notations and concepts foundational to our approach. In Section 4, we present the components of the IMr
framework and describe how they interact to discover process models. Section 5 outlines the general foundation of our framework,
highlighting its ability to incorporate diverse rule specifications. In Section 6, we focus on declarative constraints, proposing
a solution for handling rule violations and selecting promising process structures. Section 7 details the event logs used in our
experiments and presents real-world evaluations to demonstrate the benefits of our method compared to alternative approaches.
Finally, in Section 8, we summarize the main contributions and conclusions of the paper.

2. Related work

Automatic process discovery has been extensively studied, yet fundamental challenges persist despite the multitude of proposed
algorithms [2]. A key difficulty lies in achieving a balance among fitness, precision, simplicity, and generalization when modeling
these processes [3]. Real-life processes are inherently complex, making the discovery of high-quality process models a challenging
task.

To address this complexity, active trace clustering techniques [4] have been introduced, which divide event logs into more
homogeneous subsets, enabling the discovery of specific models tailored to each group. Another approach involves abstracting
infrequent behaviors from event logs to simplify the resulting process models [5]. Preprocessing event logs to remove noisy
and infrequent behaviors is a widely adopted strategy to reduce unnecessary complexity and improve the quality of discovered
models [6].

Existing process discovery frameworks predominantly focus on a single event log as input, often neglecting supplementary
information sources that could enhance the discovery process. The incorporation of external information into process discovery has
been explored in various forms [7]. Such additional information may include knowledge about desirable and undesirable aspects
captured in separate event logs. Different research methodologies have been proposed to incorporate this information into the
discovery of imperative process models [8,9] and declarative process models [10,11].
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Process rules can either be discovered automatically, such as declarative rules, or provided by domain experts as additional input,
offering valuable guidance on how process models should be structured. The approach proposed in [1] utilizes such rules alongside
event logs to discover process models that better align with the specified rule constraints. While conformance metrics are effective
for evaluating process models against a single event log, they fail to capture alignment with external information sources, such as
domain knowledge or predefined rules. This limitation underscores the need for discovery and conformance checking approaches
that integrate diverse input types, enhancing both the quality and relevance of the discovered models.

Another valuable source of information lies in the textual or natural language resources available within organizations. For
instance, domain experts often possess an intuitive understanding of expected process behavior, which can be complemented by
natural language documentation detailing process workflows. In [12], a large language model-based approach is introduced to
encode natural language information and conversations into formalized rules. These rules can then guide process discovery, as
demonstrated in [1], enhancing the alignment of discovered models with organizational knowledge.

The integration of supplementary information can also occur post-discovery to refine process models through repair [13],
interactive enhancement [14], or performance optimization of the underlying processes [15]. Interactive process discovery provides
an iterative mechanism to improve models with external guidance. For instance, the approach in [14] begins with an initial process
model and utilizes user-selected trace variants to incrementally update and refine the model. While this method underscores the
value of incorporating additional data, it is heavily dependent on the availability and quality of the initial model.

Even when additional information resources are not directly available, certain methods have been developed to enrich the inputs
for process discovery. One such method involves the artificial generation of negative events to guide the discovery process, as
demonstrated in [9]. These negative events represent prohibited behaviors inferred from observed data and help steer the discovery
algorithm towards more accurate and meaningful models.

Declarative languages, such as Declare [16,17] and compliance rule graphs [18], provide interpretable frameworks for modeling
process constraints. These languages are capable of representing complex relationships between activities, making them well-suited
for capturing nuanced process behavior. Declarative process discovery and rule-based techniques leverage the expressiveness of
these frameworks to gain deeper insights into process dynamics. Moreover, extensions to these approaches enable the incorporation
of labeled traces, facilitating the discovery of declarative models that can effectively distinguish between different process
variants [10,11].

In [19], declarative rules are applied post-discovery to refine process models. The method involves modifying the initially
discovered model and selecting the best version that conforms to the predefined rules. In contrast, our approach integrates these
rules directly into the discovery process, ensuring alignment with the rules from the very beginning.

Recursive discovery methods, such as the inductive miner, have been extensively extended to tackle various challenges in process
discovery. For instance, the extension proposed in [20] incorporates filtering of infrequent behavior to generate more representative
process models. Approaches like those in [8,21], and [22] enhance the discovery process by evaluating a large set of process
structures in each recursion and selecting the most suitable one based on optimization objectives. Another known process discovery
technique is the Split Miner, which serves as a state-of-the-art alternative for discovering high-quality process models [23]. In this
work, we compare the models discovered by our proposed method with those generated by several discovery techniques from the
literature.

The integration of additional information sources and rule-based guidance offers a promising avenue for advancing process
discovery techniques. However, achieving a balance between external constraints and traditional conformance metrics remains a
significant challenge, underscoring the need for innovative methodologies to align process models with diverse inputs. In this paper,
we build upon the concept introduced in [1], extending the integration of a set of rules alongside an event log as inputs to guide
process discovery and ensure alignment with predefined constraints.

3. Preliminaries

This section provides the formal definitions and mathematical notations used throughout the paper. These definitions form the
foundation for understanding the proposed framework. A multiset extends the concept of a set by allowing multiple occurrences of
the same element. 3(A) represents the set of all multisets over a base set A. For example, B, = [x%,y] and B, = [x, y,z'?] are two
multisets over A = {x,y,z}. For B € B(A), the frequency of an element a € A in B is denoted by B(a). We write b € B if B(b) > 0.
|B| = Y, B(b) is the number of elements in this multiset. Considering B, and B,, we can write, B(x) = 2, B,(z) = 10, z ¢ By, and
|B,| = 12. The power set of a set A, denoted P(A), is the set of all subsets of 4, including the empty set and A itself. A* is the set
of all finite sequences over A. We introduce an event log formally as a multiset of traces, i.e., a sequence of activities.

Definition 1 (Event Log). Let A be the universe of activities. A trace ¢ = (a;,a,,...,a,) € A* is a finite sequence of activities. Each
occurrence of an activity in a trace is an event. An event log L € B(A*) is a multiset of traces. L is the universe of event logs.

For example, (a, b, ¢) represents a trace consisting of 4, followed by b, and then c. Traces can be combined through concatenation;
for instance, concatenating (a, b) with (c,d), denoted as (a, b).(c, d) results in (a, b, ¢, d). The length of a trace ¢ is indicated by |o|,
representing the number of elements in the trace. o(i) refers to the ith element of the sequence, where 1 <i < |o]|.

Since we are building our framework based on the inductive mining technique, process tree notation is used as the representation.
Process trees can be converted to Petri nets or BPMN models as other well-known process notations.
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Definition 2 (Process Tree Syntax). Let @ = {—,X,A, O} be the set of process tree operators and let r ¢ A be the so-called silent
transition, then

— activity a € A is a process tree,
— the silent activity z is a process tree,
- let M, ..., M, with n > 0 be process trees and let & € € be a process tree operator, then &(M|, ..., M,) is a process tree.

M is the universe of all process trees we can define over the universe of activities .A.

Considering M € M, act(M) extracts the set of activities used in the process tree such that act(a) = a, act(zr) = @, and
act(@®M, ..., M,)) = act(M|) U --- U act(M,)). My = {M € Mlact(M) = X} is the set of all possible process trees generated over a
set of activities X C A.

In this paper, we use a slightly adapted version of regular expression to formalize the language of the models and perform
mathematical operations. The symbol a represents a set {(a)} including a trace consisting of a € A. Given two expressions A
and B, the operations are defined as follows: A|B represents the union A U B, A.B corresponds to the set of concatenated traces
{a.b|a € A and b € B}, and A* denotes the set of traces formed by zero or more repetitions of traces in A. For instance,

- a.b = {{a, b))
— Considering A = {(a,b)} and B = {{c,d)}, A|B = {{a, b),{c,d)}
- a*={(),a,a.a,aaua,...}

Each process tree operator @ € {—, X, A, O} has a semantic which generates a special type of behavior.

Definition 3 (Semantics of Process Trees [24]). Let ¥ C A denote a subset of activities. The function ¢ : My — P(Z*) extracts the
set of traces allowed by a process tree which we refer to as the language of this process tree. The semantics of process trees can be
defined as follows:

— For the silent activity (z & A): ¢(z) = {{)}
— For an atomic activity (a € X): ¢(a) = {{a)}
— For a composite operator &(M,, ..., M,):

POWM, ..., M) = By(¢(M)), ..., p(M,))

Here, @, refers to a language-join function, which is specific to each process tree operator. Let Ty, ..., T, be sets of traces, with
n > 1. The language-join functions for standard operators are defined as:

- Sequence: — (T',....T,) =T, .1, ...T,

- Exclusive choice: x,(T,...,T,) =Ty UT, U UT,
- Concurrency: Ay(T,....T) =T\ ®@T, ® - ®T,

- Loop: Oy (T}, ..., T,)) = Ty .(Xy(T, ..., T,).T})"

The shuffle product T} @ --- @ T, takes sets of traces from 7, ..., T, and interleaves their traces V,,,0; € T; while maintaining the
order within each subtrace ;.

If a process tree consists of an operator as the root node and single activities as children, the language of it is as follows:

— — denotes the sequential composition of children, e.g., ¢(— (a, b)) = {(a, b)}.

— X represents the exclusive choice between children, e.g., ¢(x(a, b)) = {{a), (b)}

A denotes the concurrent composition of children, e.g., ¢(A(a, b)) = {{a, b), (b,a)}

O represents the loop execution in which the first child is the body of the loop and the other children are redo children,
e.g., ¢(O (a,b)) = {{(a),(a,b,a),...}.

M = X(— (a,b), A(X(c,7),d)) is a more complex example such that ¢(M) = {{a, b), (d),{c,d),{d,c)}.

Given a set of activities ¥ C .4, among all possible process tree models that can be generated using X, there exists a specific
model M € M that allows for all possible sequences of activities, i.e., ¢(M) = Z*. This model is referred to as the flower model.
For instance, for ¥ = {a, b}, the process tree (5 (r,a, b) represents the corresponding flower model, as it permits all permutations
and repetitions of the activities in X.

Definition 4 (Flower Model). Let ¥ = {a,,...,a,} C A be a subset of activities. The flower model is a process tree that allows for
all possible combinations of the nodes, i.e., O (z,a, ... a,). fi(X) represent the flower tree generated over the set of activities X. The
language of this model is ¢(fl((X)) = Z*.

Directly-Follows Graphs (DFGs) are an intermediate process representation commonly used in inductive mining techniques to
identify suitable process structures during model discovery.
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(a) Sequence cut in DFG (b) Xor cut in DFG (C) Parallel cut in DFG (d) Loop cut in DFG

AANYA

mieMy, maeMsx, mieMy, maeMsy, mieMsz, moeMsy, mieMyz, maeMsx,

—

(e) Sequence process tree (f) Xor process tree (g) Parallel process tree (h) Loop process tree

Fig. 1. The correspondence between the binary cuts and the process tree structures.

Definition 5 (Directly-Follows Graph). Let L € L be an event log. The DFG of this event log denoted as G(L) = (Z, E), is constructed,
where:

- ¥ ={a|a€ o, o€ L} represents the set of activities, and
- E=[(c(i),oi+1)|oc €L, 1<i<]|o|l,with L' = [(>).c.((]) | 6 € L], denotes the multiset of edges capturing directly-follows
relationships. Here, artificial start (>>) and end ([J) nodes are added, ensuring completeness in the graph representation.

4. Inductive Miner with rules (IMr)

The original inductive mining technique for process model discovery, introduced in [25], and its subsequent adaptations [20,26],
established a crucial line of research that has proven to be among the most promising approaches in process discovery. These
techniques incorporate the notion of fall-throughs, i.e., fallback mechanisms that ensure a process model can still be constructed
when no process structure is found that reflects no deviation or missing behavior when compared with the given event log. To
address the limitations of fall-throughs, the IMbi algorithm proposed in [8] extends the inductive mining framework by introducing
cost functions that quantify the quality of possible process structures at each recursion. This allows the algorithm to select the most
promising process structure, even when a perfect one is not available, resulting in process models that are more frequency-aware
and less prone to overgeneralization.

The central idea of the IMbi framework, which is adapted in the IMr framework as well, is to create a DFG G(L) = (X, E)
considering the event log L and recursively partition the activity set X into two subsets, guided by an operator @. These operators
correspond to process tree composition operators as defined in Definition 3, namely & € {—, X, A, O}.

Definition 6 (Binary Cut). Let L € L be an event log. G(L) = (2, E) is the corresponding DFG. A binary cut (&, 2|, X,) divides ~
into two partitions, such that >|u%, = %, ¥, n %, =0, and @ € {—,X,A, O} is a cut type operator. Cy is the universe of binary
cuts we can generate with the set of nodes X.

In Fig. 1, the correspondence between the binary cuts and the process tree structures is represented. In the DFGs, the red lines are
the deviating edges, the dashed lines are the optional edges, and the solid lines are the mandatory edges according to the semantics
of the process trees corresponding to them. For example, in the sequence cut, all the edges should be from X, to ¢,. Any edge from
X, to %, is considered deviating. Considering the set of nodes X there are potentially a large number of possibilities to divide the
set of activities into two sets with cut operators.

The IMbi framework adopts a divide-and-conquer approach for process discovery, recursively discovering process structures that
support a desirable event log while avoiding an undesirable event log. The algorithm starts by taking as input:

a desirable event log Lt € L,

— an undesirable event log L™ € L,

ratio € [0, 1] parameter that controls the effectiveness of the undesirable event log, and
sup € [0, 1] parameter integrated to balance the importance of missing behavior.

Considering cost?( b CexI0,1] > R as a cost function that assigns cost to each candidate cut ¢ € Cy considering the sup € [0, 1]
parameter and @ € {—, X, A, )}, the main objective function in each recursion is:

ov_costg+ G- (c, sup, ratio) = cost?+ (c, sup) — ratio-costg, (c, sup)
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sup

|

| Cost
calculation
Candidate cut
generator g
explore(G(L),R)

Set of
rules R

Fig. 2. One recursion of IMr, the framework proposed in this paper, identifies candidate cuts adhering to specified rules and selects the cut with
minimum cost, incorporating cost functions from [8].

The best cut in each recursion is the cut with the minimum ov_cost, i.e.,

optimal_cut = argmin{ov_costg+ g-(c, sup, ratio)}
ceCy

The IMr technique introduced in [1] and extended in this paper makes the following adaptations on the IMbi technique:

— Selection of ratio = 0 ignores the undesirable event log and regulates the focus of process discovery to one event log, i.e., the
desirable event log L*. However, since only one event log is used, we refer to it as L.

— A set of rules, denoted by R, is considered as an additional input besides the input event log. These rules are instantiations
of predefined rule templates using activities from the event log. The rule set R is then used to prune the set of candidate cuts
Cs by eliminating process structures that generate behaviors deviating from these rules.

The key concepts of the IMr framework are summarized in Fig. 2 and an overview of its recursive algorithmic workflow is presented
in Algorithm 1.

Algorithm 1 7Mr Framework

1: .
function disc(L, sup, R)

2: > . . . .
L € L is an event log, sup € [0, 1] is a process discovery parameter and R is the set of rules. <
base = checkBaseCase(L, sup)
if check BaseCase successful then
5:
return base
6:
C = explore(G(L), R)
7: >
The function explore(G(L), R) is one of the main contributions of the paper and is explained in Definition 13. <
8:
(@, Xy, 2,) = argmin{ov_costgp)(c, sup)}
ceC
Ly,L,=SPLIT(L,(®, %, 2,))
10:

return @(disc(Ly, sup, R),disc(L,, sup, R))

At each recursion step, the algorithm performs the following tasks:

(1) Base Case Check: Verifies whether the event log consists exclusively of traces with a single activity or empty traces (lines
3-5 in Algorithm 1). If this condition is met, the recursion terminates.

(2) Selection of Binary Cuts: Among the possible binary cuts explore(G(L), R) explore the directly follows graph G(L) and
identifies the candidate cuts with the minimum deviation from the input rules (lines 6 in Algorithm 1). This step is a key
contribution of this paper and is explained in detail in the following sections.

(3) Cut Evaluation and Selection: Computes the cost for each candidate cut by assessing the number of deviating edges and
estimating the missing edges required to align G(L) with the candidate cut [8]. Based on this cost function, the algorithm
selects the most suitable binary cut, considering the observed behavior in L and the sup parameter (line 7 in Algorithm 1).

(4) Event Log Splitting: Splits the event log L into subsets corresponding to the selected cut and proceeds to the next recursion
(lines 8-9 in Algorithm 1).
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The recursive application of this divide-and-conquer strategy leads to the hierarchical decomposition of the process structure,
allowing for the discovery of increasingly complex branching behaviors.

5. Foundations and strategies for rule-guided process discovery

This section presents a comprehensive approach to incorporating rules into process discovery. Rules serve as constraints to guide
the discovery process, ensuring that the resulting models adhere to predefined requirements or expectations. To effectively integrate
rules, it is necessary to define their structure, formalize their semantics, and validate their compliance with the discovered models.
Additionally, challenges such as rule conflicts and deviations must be addressed systematically. This section provides the necessary
foundations for rule formalization, validation at both the model and intermediate recursion levels, and the quantification of rule
deviations in discovered models.

The input set of rules can originate from various sources but must be formalized in a manner compatible with the IMr framework.
The IMr framework, as introduced in [1], presents several limitations that we address in this section by providing a mathematical
foundation:

— The decision-making process regarding which cuts should be excluded based on a given rule is currently ad hoc and handled
on a case-by-case basis. No formal mechanism for automatic verification is provided. In this paper, we address this limitation
by introducing a formalized approach grounded in mathematical reasoning.

— A specific situation may arise when all available cuts deviate at least one of the given rules as input. The original framework
handles this by ignoring the rules and selecting the best cut without them. We improve upon this by introducing a metric
that ranks candidate cuts based on the severity of rule violations, enabling a smoother decision process that avoids a binary
include-or-ignore approach.

— No metric is provided in the original framework to assess whether the discovered models conform to the given rules. We
address this gap by introducing quantitative metrics to evaluate the extent to which rule adherence has been achieved during
the discovery process.

5.1. Defining and formalizing rules

Different rule specification languages may require specific formalizations to ensure their effective integration. As a general
guideline, we first define the concept of a rule within the context of our framework in a broad, abstract manner. Subsequently,
we refine this definition to align with a specific rule specification language, namely declarative constraints.

Definition 7 (Rules). Let 7 be a non-empty set of templates, where each template is a relation d(x,,..., x,,) € T defined over
variables x, ..., x,,, with m € N representing the arity of d. For a given set of activities a,...,q,, € A, arule d(a, ... ,q,,) is derived
as a specific instantiation of the template d, binding its variables to the corresponding activities. R is the universe of rules.

The template collection 7 can be customized according to design preferences. To evaluate a candidate cut, it is necessary for
the rules to adhere to a specific formal language. This ensures that each trace generated over the universe of activities is either
accepted or rejected by the rule.

Definition 8 (Language of a Rule). Let r € R be a rule. Any trace ¢ € A* is allowed by r unless there is explicit evidence that the
trace violates the constraint, as determined by the semantics of the associated template. Such a violation is denoted as ¢ ¥ r. The
language of a rule, denoted as ¢(r), is the set of all traces that satisfy the constraint, i.e., ¢(r) = {c € A* | 6 F r}.

For instance, Response(x,, x,) can serve as a template representing the constraint that if x; occurs, then x, must follow at some
point afterward. Given a set of activities {a,b,c,d}, Response(a,b) is a specific instantiation of this template. The trace (a,b,c)
satisfies Response(a, b) ({a,b,c) & Response(a, b)) because b occurs after a. Conversely, the trace {c, d, a) does not satisfy Response(a, b)
({c,d, a) ¥ Response(a, b)) because the occurrence of a at the end of the trace is not followed by b.

5.2. Rule validation in process tree models
The final models discovered by the IMr algorithm are process trees. From the discovered process tree, we can derive its language

and compare it against the given set of rules. Both the process model and each rule classify traces into two categories: accepted or
rejected. Consider the process tree M =— (— (a, ¢), X(b,d)). For any trace ¢ € {a,b,c,d}*, one of the following cases will hold true:

o € ¢(M) and o € ¢(r): The trace is accepted by both the model and the rule (e.g., (a,c, b)).

o € p(M) and o & ¢(r): The trace is accepted by the model but rejected by the rule (e.g., (a,c,d)).
o & $(M) and o € ¢(r): The trace is rejected by the model but accepted by the rule (e.g., (b, a, b)).
o & $(M) and o ¢ ¢(r): The trace is rejected by both the model and the rule (e.g., (d, a)).

Definition 9 (Rule Violation in Process Trees). Let M € M be a process tree and r € R be a rule. The model M violates the rule
r, denoted as M K r, if there exists a trace ¢ € ¢p(M) such that ¢ ¥ r. In other words, the language of the process tree M contains
at least one trace that does not satisfy the rule r. Conversely, if no such trace exists, the model M satisfies the rule r, denoted as
MEr.
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(a) Candidate cuts categorized based on rule (b) Ranking candidate cuts when all violate at
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Fig. 3. Illustration of the two-step approach for selecting the best cut. In the first step, among all possible candidate cuts, the cuts with less rule
deviations are selected. The cut with the minimum cost based on the event log is selected in the second step.

5.3. Rule validation in binary cuts

To influence the discovery algorithm, it is essential to intervene during the intermediate recursion steps, where the final model
has not yet been constructed, and multiple possibilities exist for continuing the model construction. At these intermediate stages,
the algorithm operates on an event log as input, along with a set of rules. It explores possible cuts, ranks them using cost functions,
and selects the cut with the minimum cost. The rules play a crucial role during the candidate cut generation step, where numerous
potential cuts may exist. Some of these candidate cuts lead to models that allow traces that should not be permitted in the final
model. To address this, the algorithm aims to eliminate such candidate cuts by leveraging the given rules.

Consider a candidate cut ¢ = (@, X, 2,) during an intermediate recursion. Selecting this cut may result in multiple possible
process trees being generated in subsequent steps. The objective is to guide the selection process to ensure that the generated trees
adhere as closely as possible to the rules, thereby improving the alignment between the discovered model and the input constraints.

Definition 10 (Model Collection of a Binary Cut). Let L € L be an event log, G(L) = (Z, E) be the extracted DFG, and ¢ = (&, X, %,) €
Cy be a binary cut, M, = {®(M,, My)|M| € My AM, € Mj,} is the universe of process tree models we can generate by selecting
the cut c.

If all the models in M, violate the rule r, it can be concluded that the final model, irrespective of the subsequent recursion steps,
will also violate this rule.

Definition 11 (Rule Violation in Binary Cuts). Let L € L be an event log, G(L) = (X, E) be the DFG extracted from L, and R C R
be a set of rules. A cut ¢ € Cy is said to violate a constraint r € R, denoted as ¢ ¥ r, if for all process trees M € M_,, there exists a
trace ¢ € ¢(M) such that ¢ ¥ r.

Our strategy works as follows: First, we remove the binary cuts that violate some rules from the given input rule set R and
then allow the event log to choose a suitable structure and recursively continue until we have the final model. Among all possible
candidate cuts, we select a subset that aligns most closely with the given input rules. In Fig. 3(a), the red stars denote candidate cuts
that violate one or more rules from R, whereas the blue circles represent candidate cuts that conform to all the rules in R. Ideally,
at this stage, we aim to eliminate cuts that conflict with the rules entirely. However, when all candidate cuts deviate from at least
one rule, we prioritize them based on the severity of their deviations and select the cut with the least severe violation, as depicted
in Fig. 3(b). Specifically, the cost associated with a violated rule depends on its criticality: cuts that violate highly significant rules
incur higher costs compared to those that deviate from less critical rules, such as those satisfied in only a few traces.

5.4. Challenges and solutions in rule-based candidate selection
This strategy has two potential limitations:
— Even if all rules are satisfied during every recursion step, there is no guarantee that the final model will satisfy these rules.

— The use of rules to prune the set of candidate cuts may lead to an empty set if all candidates conflict with at least one rule
r € R.
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The first limitation arises from the representational bias of the algorithm and is inherently unavoidable. Due to the recursive
nature of the framework, the discovery task is progressively divided into smaller subtasks during each recursion. This process
continues until all subbranches are resolved, after which the results are combined. Dividing the discovery task can cause activities
involved in a rule to end up in different branches, making it impossible to evaluate the rule in subsequent steps. For instance,
consider the rule Response(a, b) and the cut (—, {a,c}, {b,d}). After this cut, a and ¢ are processed in one branch, while » and d are
in another. Consequently, the rule Response(a, b) can no longer be evaluated in subsequent steps, and the model construction process
might generate a structure that violates this rule.

To address the second limitation, when no cut satisfies all the rules without deviations, we select the most promising cuts based
on their importance, optionally provided as input. To implement this, we assign an importance weight to each input rule r € R.
Candidate cuts with the lowest deviations are allowed to remain in the candidate set, even if some input rules are expected to be
violated in the final model. Alternatively, importance weights can be determined using domain knowledge or automated methods,
such as calculating the support or confidence of the rules based on the event log.

Definition 12 (Deviation Penalty). Let R C R be a set of rules provided by the user or automatically discovered. The function
dev-penaltyyr : R — [0, 1] assigns a penalty to the violation of each rule, reflecting the rule’s importance.

The penalty value assigned to a rule by dev-penaltyy represents its significance. If no deviation penalty function is specified by
the user, we assume equal dev-penaltyy values for all rules.

Definition 13 (The Set of Candidate Cuts). Let L € £ be an event log and R C R be a set of rules. G(L) = (X, E) is the corresponding
DFG. Considering the dev-penaltyy as the function that assigns a penalty to the violation of each rule in R. We define the minimum
penalty as:

minimum-penalty = min { z deu-penaltyR(r)}

ceCy
reR|cEr
The function explore(G(L), R) identifies the candidate cuts with the minimum penalty amount.

explore(G(L),R) = {c €Cy | 2 dev-penaltyp(r) = minimum-penalty}
reR|cEr

If there are cuts with no deviations, explore(G(L), R) includes all such cuts. However, if no deviation-free cut exists,
explore(G(L), R) contains the subset of cuts with the lowest total deviation penalty.
5.5. Metrics for quantifying rule deviations
Since the satisfaction of all rules in the end is not guaranteed, we define metrics to quantify the severity of the deviation.
Definition 14 (Deviation Count and Deviation Rate). Let R C R be a set of rules, and M € M be a process tree model. The function
dev-count : M xR — N calculates the number of rules violated by the given process model M, defined as:
dev-count(M,R) = |{re R| M E r}|.

The function dev-rate : M X R — [0, 1] computes the normalized deviation rate by summing the deviation penalties of the
violated rules and dividing by the total penalty of all rules. It is defined as:

Y erinm - dev-penalty g(r)

X rer dev-penaltyp(r)

dev-rate(M, R) =

6. Declarative constraints and computational feasibility in rule-based discovery

Verifying whether, for all models M € M., and for all rules r € R, M F r is computationally expensive. Performing such
calculations across all recursions renders the solution computationally infeasible and non-scalable. In this section, we focus on
declarative constraints as rules and discuss strategies to address the computational cost challenge.

6.1. Declarative constraints as rules

Declarative constraints serve as a flexible and interpretable approach for modeling control-flow behaviors in processes. By
leveraging generic templates to define behavioral rules and assigning specific activity labels, they enable a rich and expressive
representation of constraints that can be systematically assessed using event logs. The declarative templates used in this paper
capture a range of control-flow behaviors. These templates are as follows:

— AtLeast1(x,): x; occurs at least once.
— AtMost1(x;): x; occurs at most once.
— Absence(x,): x, does not occur.
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— Init(x,): x; is the first to occur.

— End(x): x; is the last to occur.

— Responded Existence(x |, x,): If x; occurs, x, occurs as well.

— CoExistence(x, x,): If x; occurs, x, occurs as well and vice versa.

— Response(x|, x,): If x| occurs, then x, occurs after x,,

— AlternateResponse(x,, x,): If x; occurs, then x, occurs afterwards before x, recurs.

— ChainResponse(xy, x,): If x; occurs, then x, occurs immediately after it.

— Precedence(x;, x,): x, occurs only if preceded by x,,

— AlternatePrecedence(x |, x,): x, occurs only if preceded by x; with no other x, in between.
— ChainPrecedence(x |, x,): x, occurs only if x; occurs immediately before it.

— Succession(x, x,): x; occurs if and only if it is followed by x,.

— AlternateSuccession(x|,x,): x; and x, occur if and only if they follow one another, alternating.
— ChainSuccession(x|,x,): x; and x, occurs if and only if x, immediately follows x.

— NotResponded Existence(x|, x,): If x| occurs, then x, does not occur.

— NotCoExistence(x|,x,): x; and x, never occur together

— NotResponse(x;, x,): If x; occurs, then x, does not occur after x;.

— NotChainResponse(x |, x,): If x| occurs, then x, does not occur immediately after x.

— NotPrecedence(x |, x,): x, occurs only if it is not preceded by x;.

— NotChainPrecedence(x,, x,): x, occurs only if x; does not occur immediately before it.
— NotSuccession(x|, x,): x, cannot occur after x,.

— NotChainSuccession(x,, x,): x; and x, must not appear consecutively.

This set of 24 declarative constraint templates is commonly used in the declarative process mining literature [27] and supported
by tools such as MINERruL [28] and RUM [29]. Among these templates, the IMr framework proposed in [1] utilizes a selected
subset, specifically eight templates: ArMost1(x;), AtLeast1(x,), Responded Existence(x|,x,), CoExistence(x|,x,), Response(x,x,),
Precedence(x|, x,), NotCoExistence(x,x,), and NotSuccession(x,x,)".

Considering this set of templates as 7,.;, we can generate rules according to Definition 7, referring to them as R,,,; € R. Process
experts can capture their knowledge and insights as declarative rules, which can then be utilized in process discovery, as discussed
in this paper. Beyond user-defined rules, automated declarative process discovery tools, such as Declare Miner [16] and MINERful
[17], offer the capability to extract declarative constraints directly from event logs.

Declarative constraints can be assessed using quality measures such as confidence and support, which provide insights into their
applicability and effectiveness [27]. These measures are evaluated at two distinct levels: the trace level, which considers entire
process instances, and the event level, which focuses on individual occurrences of activities. For example, in the trace {c, b, a, b, b, c),
the constraint Precedence(a,b) is violated at the trace level because the first occurrence of b is not preceded by a. However, at
the event level, b appears three times, with the constraint satisfied for two occurrences and violated for one. Event-level analysis
offers a more granular perspective, ensuring that instances of constraint satisfaction are not overlooked. In this paper, we adopt the
event-level approach to achieve a detailed and nuanced evaluation of constraint quality.

Each declarative constraint is associated with an activation, which defines the conditions under which the constraint is evaluated.
For instance, in the constraints Response(a,b) and Precedence(a,b), the activations are triggered by a and b, respectively. If no
activation occurs within a trace, there is no basis to determine whether the constraint is satisfied or violated; in such cases, the
constraint is considered vacuously satisfied [27]. While vacuous satisfaction is a natural occurrence, relying on it exclusively can
lead to misleading conclusions. To mitigate this, we focus solely on instances where constraints are non-vacuously satisfied, ensuring
that evaluations are grounded in meaningful activations.

Definition 15 (Support and Confidence). Let R, C R be the universe of rules we can defined with the declarative constraints
templates. Let L € £ be an event log. For a given declarative constraint r € R,,,, let the following be defined:

— #,ctivatea (L 1): The number of times the constraint r is activated in L.
= #saisried(L>): The number of times the constraint r is satisfied in L.
— #,pents(L): The total number of events in L.

Using these quantities, the coverage and confidence of a constraint r are defined as follows:
— Support : L X Ry, — [0,1] is the proportion of activated events to the total number of events in L:

#satisfied (L 1)
Support(L,r) = —S‘;'Sﬂed(L)
events

1 The constraints AtLeast] and AtMostl are referred to as existence and at-most constraints, respectively, in [1].

10
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Fig. 4. Example traces illustrating the relationships between ¢ (c) and ¢(r) for the cut ¢ = (=, {a,d}, {c,b}) and the rule r = Response(a, b).

— Confidence : LX Ry, — [0,1] is the proportion of satisfied events to the number of activated events in L. To avoid division
by zero, the denominator is set to at least 1:
#satisfied(L’ r)
maX(l ’ #activated(l" r)) '

Confidence(L,r) =

6.2. Evaluating rule compliance in candidate cuts

Next, we explore the relationship between the languages of candidate binary cuts and their compliance with input rules. By
examining the union of all possible model languages generated by a candidate cut, we gain insights into which traces can or cannot
be produced by these models. This analysis provides a foundation for evaluating whether a cut aligns with or violates the given
rules, guiding the discovery algorithm towards optimal choices. Additionally, we define common modes, i.e., subsets of traces shared
across all models generated by all potential models of a binary cut, and demonstrate how they can be used to identify rule violations
effectively. Through this framework, we formalize the evaluation of cuts and establish criteria for their selection in rule-informed
process discovery.

Union of model languages and rule violations

For each binary cut, there may be numerous process tree models that can be generated in subsequent recursion steps. Each time
a cut is selected during recursion, the possible language of the final model becomes more constrained. Although the exact process
model and its corresponding language are not determined at intermediate recursion steps, it is possible to define an upper bound
for the language allowed by the selected cut.

Definition 16 (Union Language of a Cut). Let L € £ be an event log, and G(L) = (X, E) its corresponding DFG. For a binary cut
¢ € Cy, the union language of ¢ is defined as the union of the languages of all process tree models that can be generated using this
cut: ¢(c) = UMeMC P(M).

If a trace belongs to ¢ (c), it indicates that at least one model in M, can generate this trace. Conversely, if a trace does not
belong to ¢(c), no model in M, can generate it. It is important to note, considering a rule r € R,

- A model at the end might violate the input rules if 3y,cp M ¥ r
- A model at the end violates the input rules if Ve M ¥ 1

For example, consider X' = {a,b,c,d}, a candidate cut ¢ = (-, {a,d}, {c,b}), and the rule r = Response(a, b). Fig. 4 illustrates
example traces and their relationships with ¢ (c) and ¢(r):

-0 & ¢yc), o & ¢(r): Traces such as (c,a,c,c,a) and (b,d,a) are not allowed by any model M € M, nor by the rule
r = Response(a, b).

o € ¢py(c), o & P(r): Traces such as (a,d), (a), and (a, b, a) belong to the union of the models but are not permitted by the rule
r.

- 6 € ¢y(c), 6 € ¢(r): Traces such as (a,d, c,b) and (a, b, b) are allowed by both the union of the models and the rule r.

o & ¢y(c), 6 € ¢(r): Traces such as (a,b,d) and (d, c) are permitted by the rule r but cannot be generated by any model in M..

Since X f and Z; allow for any behavior in the resulting branches of the process tree, it follows that ¢,(c) C D27, 2;‘). Moreover,
the flower model is always a possible model in the next recursion steps; that is, f(Z,) € My, and f(Z,) € M ,. Consequently, the
model ®(fI(Z)), fl(Z,)) is a valid candidate within M, with its language being Dy(Z7, Z;). Therefore, ¢ (@, X}, X,)) = Dy(Z7, Z;’).

11
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#u(©) o X ()

Second recursion

Fig. 5. Recursive restriction of the allowed language in the IMr algorithm, starting with X* and progressively narrowing to ©,(2}, 2;) at each
step, until the final model M is constructed.

Lemma 1. Let L € L be an event log. G(L) = (X, E) is the corresponding DFG. Considering (&, %,,%,) € Cy as a binary cut, we can
conclude that: ¢,(®, X}, X,)) = D27, 2;‘).

Proof. We ¢ (c) C @427, 2;‘) and @ (2", 2;‘) € ¢y(c) and then conclude ¢ (c) = (X7, Z;)

(D) ¢y(c) € ®y(XE], X7). By Definition 16, ¢,(c) = UM€M[ $(M), where M, = {&(M,M,) | M; € M5, M, € Mj,}. For any
M, € M5, , we have ¢p(M,) C 7, and similarly ¢(M,) C 2. By monotonicity of the language-join @, (i.e. larger operand languages
yield larger joined languages),

VM| € My AVMy € My, @ $(BM|, My)) = @y (d(M,), p(My)) € @4(Z}, Z5).
Taking the union over all M,, M, thus gives ¢ (c) = UMeMc (M) C ®y(2T, Z;).

@) 694,(2*,2;‘) C ¢y(c). By the definition of the flower model (Definition 4), for each i € {1,2} the model fl((X;) satisfies
d)(f[(z,-)) =2’ and fl(Z)eM 5,- Hence, the process tree e)(f[(Z]), f[(Zz)) is a valid element of M, and its language is

H(DFUZ)), FUZL)) = By (dFUZD), B(FUZ,))) = By(Z], Z5).
Therefore, Dy, 22*) is one of the languages in the union defining ¢ (c), giving Dy(Z7, 2;) C ¢ylo).
Conclusion. Combining (1) and (2) yields ¢, (c) = ®¢(Z*, 2;).

With each recursion in the IMr algorithm, selecting a cut progressively restricts the language allowed by the final model. Initially,
all behavior is permitted, i.e., Z*. After the first cut, the allowed behavior becomes more constrained, limited to at most ©,(=7, Z;).
This process continues recursively until the final model is constructed. In Fig. 5, let ¢(r) denote the language of a specific rule r € R.
At each recursion step, the algorithm selects a cut, further narrowing the set of allowed traces. The recursion proceeds until the
final step, where the final model M is discovered. Ideally, the language of the final model should be a subset of the language of the
rule r. This implies that all traces allowed by M are also permitted by r, i.e., M E r.

If trace 0 € ¢(c), some possible models might allow for it and some might not. For example, the process tree M, =— (-
(a,d),— (c,b)) allow for (a,d,c,b) but M, =— (x(a,d),X(c,b)) does not allow for it. In this example, ¢p(M,) = {{a,d,c,b)}, and
¢(M,) = {{a,c),{a,b),(d,c),(d,b)}. M, E r because there is no trace in the language of the model that violates the rule. M, ¥ r
because trace (a, c¢) violates r.

As discussed in Section 5.4, the final model cannot be guaranteed to fully satisfy all rules due to the representational bias of
the algorithm and the potential necessity of selecting violating cuts when no non-violating cuts exist. Nevertheless, the objective
remains to guide the discovery process and maximize the influence of the input rules.

Common modes in candidate cuts

Considering a set of activities ~ C .4, ~* denotes the set of all possible traces over X. The set M5 contains all possible process
tree models that can be generated using X. For any activity a € , let X, denote the set of activities excluding 4, i.e., X\, = X\ {a}.
The following properties hold:

— Traces without a: The set Zi*a contains all traces over ¥ where activity a does not occur. The model — (a, fl(Z\o)) € M5 is an

example of a possible model that ensures activity a cannot be skipped, and therefore, 3¢, Z{‘a NnpM) = 0.

12
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— Traces with two or more occurrences of a: The set (27, ®af{2,}) contains all traces where a occurs at least twice. The model —
(a,f(Z\,)) € Mz isan example of a possible model that restricts a to occur only once, and thus, Imems (2*a®a{2, Hng(M) = @.

— Traces with exactly one occurrence of a: The set (Z*a ® a) contains all traces where a occurs exactly once. Since all process tree
models are sound, there must exist at least one trace containing a. Additionally, because the absence or multiple occurrences of
a are optional, all process models contain at least one trace with exactly one occurrence of a. Thus, V), My (Z *a ®@a)Np(M) # @.

The third group of traces, specifies that considering any activity a € X, all the discovered models allow for at least one trace
from (Zi‘a ® a).

Lemma 2. Let X~ C A be a set of activities, ~* is all the traces we can generate over this set and M 5 is the set of all process tree models
we can generate with these activities.

Viemy Vaex Hae(z<a®a) o € p(M)

Proof. We proceed by structural induction on the process-tree model M.

Base case. If M is a single leaf labeled with some activity b € X, then ¢(M) = b. For the statement we must show that for each
a € X, there is a trace in Z*a ® a belonging to ¢p(M).
-If b = a, then ¢(M) = a and clearly a € Z{‘a ® a, so the claim holds.
- If b # a, then ¢p(M) = b does not itself contain any a.

However, M contains only trees whose leaves include every activity in X at least once based on Definition 2, under that
convention, the base case applies only when b = a.

Inductive step. Suppose the lemma holds for all proper subtrees of M. We show it for M by case distinction on the root operator
@ of M = ®(M,, M,):
1. Sequence @ =—: (M) = — (M), p(M3)) = (M) - p(M,).

Let @ € X. By construction of process trees, a appears in exactly one subtree, say M; where i € {1,2}. By the induction
hypothesis, there is a trace ¢ € ¢(M;) N (Z{‘a @ a). For j # i, pick any ¢’ € ¢(M)), since a & act(M), we have ¢’ € Zia.
Then, ¢” =¢.6’ if i=1 and ¢” = ¢’.c if i =2 lies in ¢(M) and contains exactly one a, so ¢ € Zi*a ®a.

2. Exclusive choice @ =Xx: $(M) = $(M|) U p(M,).

Since a labels a leaf in exactly one subtree M; where i € {1,2}, by the induction hypothesis there is ¢ € $(M;)N (Z(‘a ® a). Hence

o € (M), as required.
3. Concurrency @ = A: (M) = Ay(d(M,), p(M;)) = H(M)) ® p(M,).
Again, let M; be the unique subtree containing a where i € {1,2}. By induction hypothesis pick

cEPM)IN(E, @a), o €HM)CE, (#D.

Then any shuffle interleaving of ¢ and ¢’ produces a trace in ¢(M) containing exactly one a, so the property holds.
4.Loop @ =0: (M) = Oy ($(M)),p(My)) = ¢(M;) ((M,) - d(My))".

By tree well-formedness, a appears in exactly one of the subtrees. If ¢ € M,, then by induction hypothesis there is ¢ €
¢(M)N (2{‘0 ® a), and since (---)* admits the empty iteration, o, € ¢(M). If instead a € M,, then by induction hypothesis pick

o € p(My)n (Z*a ®a), ce€PM;)C Zika,

Thus 6.6’.c € ¢(M) and o.0'.c € ¥ @a.
In every case, we have produced a trace in ¢(M) with exactly one occurrence of a, which completes the induction.

Based on this property we define the common modes.

Definition 17 (Common Modes). Let X C A be a subset of activities. Given that X* is the set of all possible traces we can generate
with activities in X, we define the common modes of X* as follows,

com(X*) = {(Z; ®a)lae X}

According to Lemma 2, for any process model M € M 5 that can be generated with activities in ¥, and any (2}, ®a) € com(Z¥)
allow for at least one trace that is allowed by this model. We write the equation of this lemma based on the definition of common
modes as

Vvems YV aecomz+3sero € G(M)

Considering R as the set of rules, based on Lemma 2, if there is a common mode for which all traces violate the rule r € R, we
can conclude all the models have a trace from this common mode violate this rule. Therefore, all of the models M € M violating
the rule r (cf. Definition 9).

13
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Lemma 3. Let X C A be a set of activities, and R C R, be a set of rules. If there is a common mode A € com(Z*) such that all traces
o € A violate the rule r € R, i.e., ¢ ¥ r, we can conclude all the models M € M s have a trace from A based on Lemma 2, and therefore
all the models violate this rule, i.e., M ¥ r.

EAEcom(Z*)VoeAU# r= VMEMZM Er

Proof. Assume there is a common mode A € com(Z*) such that Vo € A : ¢ ¥ r. We show that an arbitrary model M € My must
also violate r.

By Lemma 2, for every M € My and every common mode A, there exists at least one trace ¢’ € AN @(M). Since by assumption
¢’ ¥ r, it follows that ¢(M) contains a trace that does not satisfy r. By Definition 9, M ¥ r whenever 36 € ¢(M) : o ¥ r. Hence
M violates the rule r. Because M is chosen arbitrarily, this holds for all M € M, completing the proof.

We need to extend the common mode concept to the binary cuts in order to be able to prune the candidate cuts. ¢ is the
maximum allowed behavior by models that can be discovered with cut ¢. Consider the union of all languages for a specific cut
c=(®, %, %,). According to Lemma 1:

(B, 21, X)) = Equ(Z*, 2;)

Building on the process tree semantics for various operators introduced in Definition 3, we define common modes as subsets
of ¢(c) such that, for all models M € M,, at least one trace from the common mode exists in ¢(M). Given A; € com(Zf) and
A, € com(X), the operator @,(4;, A,) generates a common mode for the cut ¢ (cf. Definition 3 for details on how languages are
generated for different operators). For the loop operator (J, the “do” part of the loop must occur at least once. However, each time
the “do” part is executed, the “redo” part becomes active and may also occur. This repetition of the “do” and “redo” parts allows for
the occurrence of different common modes in each iteration. Therefore, for the loop operator, we extend the definition of common
modes to encompass a broader range of possibilities, i.e., two common modes A, A, € com(Zf) may follow each other, similarly,
Az, A4 € com(X7) may also follow each other.

Definition 18 (Common Modes of a Cut). Let L € L be an event log. G(L) = (X, E) is the corresponding DFG. Considering
(@, 2, 2,) € Cs as a binary cut, we define the common modes of this cut as
-If®e{—,%x A}
com-cut((®, X, 2,)) = {@y(A}, Ay)|A| € com(Z]), Ay € com(Z])}

- If & =0, Since the loop cut allow for infinite repetition of the redo part, each time a different common mode of do part or
redo part can occur. The set of possibilities is very large. In order to check the satisfiability of the common modes with regards
to the declarative rules, we need a finite subset of them.

com-cut((®, Xy, X,)) ={ A|A € com(Z])}u
{A).Z} M)Ay, Ay € com(Z)}U
{A}.45. 27|} € com(Z)), Ay € com(Z3)}U
{Z7.A.Ay| Ay € com(Z}), A € com(Z})}U
{ZFALZF AL AL A, € com(55))

If there is a common mode of a cut A € com-cut(c) for which all traces ¢ € A violate the rule r € R, we can conclude all the
models M € M, allow for a trace from this common mode A and therefore the cut violates the rule r.

Lemma 4. Let L € L be an eventlog. G(L) = (Z, E) is the corresponding DFG. Let R C R 4,,; be a set of rules. Considering (&, %,, %,) € Cy,
if there is a common mode A € com-cut(c) such that all traces ¢ € A violate the rule r € R, ie., 6 ¥ r, we can conclude all the models
M € M, have a trace from A based on Lemma 2, and therefore all the models violate this rule, i.e., M ¥ r.

HAecam-cut(c)VoeAU EFr= VMEMCM Ersckr

Proof. The proof proceeds in two steps.

Step 1: Every model M € M, admits a trace from any A € com-cut(c). By construction of com-cut(c), each A is obtained as
A = By(Ay, Ay) or, in the loop case, by one of the specified concatenations of A;, A,, ZT, 2;, in Definition 18 with A, € com(Zi“)
and A, € com(Z}).
Meanwhile,
M, ={ @M. My) | M, € My . M) € My, }.

By Lemma 2, for each model M; € M 3, where i € {1,2}, there is a trace o; € ¢(M;) N A;. Moreover, whenever A is built, the
semantics of @, guarantees that one can assemble from ¢, and ¢, a trace ¢ € qﬁ(GB( M, Mz)) = ¢(M) such that o € A. Hence
for every M € M, and every A € com-cut(c), p(M)N A # §.

Step 2: Violation of the rule. Assume there is some A € com-cut(c) such that Vo € A : ¢ ¥ r. Take an arbitrary model M € M,. By
Step 1, there is ¢/ € $(M) N A. But ¢’ ¥ r, therefore, by Definition 9 M ¥ r.
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Since M was chosen arbitrarily, it follows that VM € M, : M ¥ r. Therefore, the cut c itself cannot satisfy r, i.e., ¢ ¥ r.

For each cut type, our goal is to identify common modes. Below, we provide a case-by-case distinction and detail the common
modes for each cut type:

— Sequence: Considering « € X, and b € %,, in all such models, there is at least one trace that has a first and then b.

(2}, ®a).(Z;,, ® b) is the set of all such traces.

com-cut((—, X, 2,)) = {(Zi‘\a ® a).(Z;\b ®@b)lac X, Abe X,}

— Exclusive choice: Considering a € 2|, (Z;‘ Rel) is the set of all traces with activity a occurring once, and considering b € %,,
(Zi*\b ® b) contains all traces with activity b that can be generated. In all such models, only activities in ¥, can happen or
activities in X%,.

com-cut((X, X}, Z,)) ={(Z, @ a)lae X;}u

\a
{(Z5,®blbe 2}

2\b
— Concurrency: Considering ¢ € %, and b € %,, (ZT\G ®@a)® (Zg\b ® b) allow for activity a occurring before b or activity b
occurring before a.
com-cut((A, 2, 2,)) = {(Zf\a ®a)® (Z;\b ®b)lace X, Abe X,}
- Loop: Considering a € X, all the models should allow for a subset of traces from (X}, ® a) meaning that activity a should

be able to occur only once. Considering a,,a, € X, all the models allow for a subset of traces in (Zi*\al ® al).Z;(Zf\a2 ® ay)

indicating any two activities in ¥, can eventually follow each other. Considering b,, b, € 2,, any activity in X, can be followed

by any activity in X, represented with (2;" ®@ap).(ZE, ®@b).2ZF and X¥.(Z5, @b)).(ZF, @ ay). In addition, the re-do part
\a 2\b; 1 1°V=2\b 1\,

of the loop can occur several times which indicates all the models allow for activities in X, to eventually be followed by each

other denoted with Zf.(Z;\bl ® bl).Z;‘.(Z;\bz ® bz).Zf. In summary, com-cut(Q, X, 2,) included the below listed modes.

com-cut((O, 2|, 2,)) ={(Zl*\a ®a)lac Z,}u
(T}, ®aD.Z3(Z}, ®aylaj.a; € 5;)U

(2}, ® a5, ®by).Ejla; € 5 Aby € 5)U

{Z;“(Z;‘\bl ® bl).(Z;‘\a1 ®aypla; € X, Ab € 25}V

(2723, ®b)-Z1(25,

®by).X7 by, by € 3}
Examples of conflicting common modes

Considering two activities ¢,b € X, in Table 1 the rules that violate are reported. The rows are the declarative constraints
including these two activities (if the template has single parameter, only a), the columns specify considering cut ¢ = (&, X}, 2,) to
with subsets X, or X, belong these two activities. The cell of the table indicates the subset of cut type operators that ¢ = (@, X}, 2,)
is violated by the corresponding declarative rule.

As an example for some rules and cut types we show an example of a common mode conflicting.

— AtLeastl(a) and (O, {c¢,d},{a,b}): (d)*c(d)* in all such traces, activity a does not exist.
— Response(a, b) and (X, {a,c}, {b,d}): (c)*a(c)* in all such traces, activity a occurs, but b does not occur after it.
— NotSuccession(a,b) and (A, {b, ¢}, {a,d}): (c|d)*a(c|d)*b(c|d)* in all such traces, activity a occurs, and b occurs after it.

The declarative template Absence(a) specifies that activity « must not occur in any trace allowed by the model. Since the
discovered models are sound there is at least one trace that contains activity a. Therefore, it is impossible to discover a model
without violation of this rule unless, activity « is not included in the model. Therefore, in case the declarative rule Absence(a) is in
R, we filter out activity a from the event log and discover the process model for the filtered event log.

7. Evaluation

The proposed framework has been fully implemented and is publicly available®. In this research, we had the opportunity to
collaborate with UWV, a Dutch insurance agency. The event log provided from one of their claim-handling processes, along with
the input from domain experts, enabled us to evaluate our framework using domain-driven rules. In addition to this domain-based
evaluation, we conducted further experiments on publicly available event logs. For these logs, since domain knowledge is not directly
available, we derive declarative constraints using the Minerful algorithm [17]. However, the IMr framework is designed to operate
with any input rule r € R,,,;. The declarative rules discovered by a specific technique are utilized to assess the ability of our
discovery framework to guide the process of discovering models that satisfy these rules.

In this section, we aim to achieve the following goals:

2 https://github.com/aliNorouzifar/rule_guided_process_discovery.
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Table 1
Violation of declarative constraints for two activities a,b € X across different cut configurations ¢ = (@, X, X,).
ae . be >, aESbe S, a€s bes, a5 be >,

AtLeast1(a) {x} {0, x} {x} {0, x}
AtMost1(a) {0} {0} {0} {0}
Absence(a) {A O, %, =} A 0, % -} A O, %, -} A O, %, -}
Init(a) {A, X} {An O, %, =} {A, x} {n O, x, =}
End(a) {A, X, =} {A, %, O} {A, X, =} {A, %, O}
Responded Existence(a, b) {0, x} {x}
CoExistence(a, b) {0, x} {0, x}
Response(a, b) {A, x, O} {A, %, =}
Alternate Response(a, b) {A, %, O} {A, %, =}
ChainResponse(a, b) {A, %, O} {A, %, =}
Precedence(a, b) {A, X} A, O, %, =}
AlternatePrecedence(a, b) {A, X} A, O, %, =}
ChainPrecedence(a, b) {A, X} {A, O, %X, =}
Succession(a, b) {A, %X, O} A, O, %, =}
AlternateSuccession(a, b) {A, %, O} A, O, %, =}
ChainSuccession(a, b) {A, %, O} {A, O, %, =}
NotResponded Existence(a, b) {0} {0} {n, O, =} {, O, -}
NotCoExistence(a, b) {0} {0} {n, O, =} {n, O, -}
NotResponse(a, b) {O} {0} {An O, =} {A, O}
NotChainResponse(a, b)
NotPrecedence(a, b) {0} {0} {n O, =} {An, O}
NotChainPrecedence(a, b)
NotSuccession(a, b) {0} {0} A O, =} {A, O}

NotChainSuccession(a, b)

- Case study with domain knowledge: Leveraging domain knowledge and real-world event data from a claim-handling process
of the UWV agency, we demonstrate how rules derived from domain expertise help discover process models that align more
closely with expected behavior.

— Rule satisfaction: Regardless of the parameter settings that generate the rules, our algorithm demonstrates the capability to
satisfy more rules compared to baseline models that do not utilize any rules as input.

— Model quality: It is crucial to maintain the quality of the discovered models while incorporating the rules. Models that satisfy
the rules but exhibit low fitness and precision are undesirable. Therefore, we compare our results with IMbi [8], IMf [20], and
Split Miner [23] to ensure both rule satisfaction and high model quality.

— Computational cost: The computational cost of IMbi, which is a similar approach without rule incorporation, is high due to the
large candidate cut set. We show that introducing rules to the algorithm, as discussed in this paper, can reduce computational
costs. However, IMf and Split Miner still perform better in terms of efficiency, as they avoid exploring many options in
intermediate steps.

7.1. Event logs

Several real-life event logs, widely recognized in the process mining community, are utilized to evaluate our framework.
Alongside publicly available event logs, we conduct experiments with a claim-handling process from the UWV employee insurance
agency in the Netherlands. For this case, we had the opportunity to gather domain expert feedback, allowing us to tailor the
framework to produce realistic and meaningful results. These event logs present diverse and challenging scenarios, effectively testing
the robustness and performance of the framework. The characteristics of the event logs, including the number of activities, events,
traces, and trace variants, are summarized in Table 2. The event logs used in this study are detailed as follows:

— BPI Challenge 2012 (BPIC12) [30]: This log originates from a Dutch financial institution and focuses on a loan application
process. For our evaluation, we only include the application and offer subprocesses, which represent key stages in the process.

— BPI Challenge 2017 (BPIC17) [31]: This dataset pertains to a loan application process at another financial institution. Similar
to BPIC12, we include only the application and offer subprocesses to reduce complexity while retaining relevant behavior.

— BPI Challenge 2018 (BPIC18) [32]: This event log covers the handling of applications for EU direct payments to German
farmers from the European Agricultural Guarantee Fund. The process repeats annually with minor changes due to evolving
EU regulations. For our evaluation, we focus on the application subprocess.

— Road Traffic Fine Management (RTFM) [33]: This log contains events related to the processing of road traffic fines by an
Italian governmental organization. It provides a structured yet realistic process scenario involving fine issuance, notifications,
and payments.

— Sepsis [34]: The Sepsis log originates from a hospital and captures the treatment processes of patients with sepsis. It includes
events such as admission, diagnosis, laboratory testing, and treatment, making it an excellent dataset for healthcare process
analysis.
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Table 2
Event logs used in experiments.

Data & Knowledge Engineering 161 (2026) 102508

#activities #events #traces #trace variants
BPIC 12 17 92,093 13,087 576
BPIC 17 18 433,444 31,509 2630
BPIC 18 15 928,091 43,809 1435
RTFM 11 561,470 150,370 231
Hospital 18 451,359 100,000 1020
Sepsis 16 15,214 1050 846
uwv 16 1,309,719 144,046 484
UWV filtered 16 194,313 20,112 483

The number of rules extracted for each event log using different configurations.

Count

BPIC12 BPIC17

BPIC18 RTFM

Event Logs

Sepsis

Fig. 6. Total number of declarative rules discovered for each configuration (R;, R,, R;, and R,) using the Minerful algorithm across different

event logs.

— Hospital Billing (HB) [35]: This dataset focuses on the billing procedures within a hospital environment. It includes various
activities related to the administrative handling of patient bills, such as bill creation, validation, and payment.

— UWV: This log comes from the Dutch Employee Insurance Agency (UWV) and captures processes related to handling benefit
claims. It is particularly useful for analyzing administrative and service-oriented workflows.

— UWV filtered: The original event log, UWV, contains a dominant trace variant with a frequency of 86%. This predominance
can heavily influence the evaluation results, potentially biasing the analysis. To address this, we introduce a filtered version
of the event log, UWV filtered, where the dominant trace variant is excluded. This filtered event log is incorporated into
experiments focused on assessing the quality of the discovered process models, enabling a more robust evaluation.

7.2. Experimental setup

Declarative rules

We utilize the Minerful discovery algorithm, a widely recognized method for declarative process discovery, to extract declarative
rules using various parameter settings [17]. Specifically, the Minerful algorithm is executed under four distinct configurations, each
defined by varying values of the support and confidence parameters. These configurations are designed to generate diverse rule sets

for evaluating our process discovery technique:

— R;: confidence = 0.95, support = 0.030
— R,: confidence = 0.98, support = 0.010
— Rj: confidence = 0.99, support = 0.005
— Ry: confidence = 1.00, support = 0.000

The total number of rules discovered for each configuration and event log is illustrated in Fig. 6.
To assess the similarity between the rule sets obtained from these configurations, we summarize their pairwise similarities in
Fig. 7. The similarity between two rule sets is quantified using the following metric, which measures the proportion of rules in the

intersection relative to the union of the rule sets:

similarity(R;, R;) =

17
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Rules Similarity Across Event Logs
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Fig. 7. Pairwise similarity of rule sets discovered under different configurations (R,, R,, R;, and R,), measured as the proportion of shared rules
relative to the total number of rules.

This metric facilitates a comprehensive comparison by considering both shared and unique rules across different configurations.
The objective is to emphasize the diversity of the generated rule sets, showcasing that the evaluation of our discovery technique
is conducted using a variety of inputs. Through experiments, we demonstrate that our algorithm maintains robust performance
regardless of the specific parameter settings employed to generate the rules.

Process discovery algorithms

Numerous process discovery techniques have been proposed in the literature. However, comparative studies have shown that
not all of them perform well when applied to complex or large-scale event logs [2]. These methods also vary significantly in
their theoretical guarantees, such as soundness, and in the types of process models they produce. Among the well-established
techniques, those that generate block-structured models have demonstrated better understandability and applicability in real-life
settings. This is further evidenced by the adoption of the inductive miner and split miner discovery techniques in commercial
tools such as Celonis and SAP Signavio, respectively, highlighting their practical relevance. In the extensive benchmark study
presented in [2], the inductive miner, split miner, and evolutionary tree miner are identified as top-performing techniques based on
a comprehensive set of evaluation criteria. However, we excluded Evolutionary Tree Miner from our baseline comparisons due to its
limited scalability, stemming from its genetic algorithm-based nature. Consequently, we selected the inductive miner and the split
miner as representative and competitive baselines for our evaluation, given their strong performance, theoretical foundations, and
demonstrated applicability in real-world scenarios. The discovery algorithms used in this study and their corresponding parameters
are as follows:

— IMr: This algorithm has a single parameter, support € [0, 1]. We vary this parameter in intervals of 0.1, ranging from 0.1 to
0.9.

IMbi [8]: IMbi includes two parameters support € [0, 1] and ratio € [0, 1]. The ratio parameter controls the impact of undesirable
event logs during process discovery. Since we only have one event log in this study, we set ratio = 0 to effectively ignore
undesirable logs. IMbi, when used without the undesirable event log, is functionally equivalent to IMr with an empty rule set.
Similar to IMr, the support parameter is varied in 0.1 intervals from 0.1 to 0.9.

— IMf [20]: This algorithm introduces an infrequency filtering parameter, f € [0,1]. We adjust this parameter in intervals of
0.1, ranging from 0.1 to 0.9.

Split Miner [23]: Split Miner operates with two parameters € € [0, 1] and # € [0, 1]. Based on the hyperparameter optimization
performed in [23], the best-performing parameter settings are typically ¢ = 0.1 and # = 0.4. For this study, we explore process
models using similar settings, with ¢ set to either 0.1 or 0.2, and # varied in 0.1 intervals between 0.1 and 0.5.

Beyond evaluating rule satisfaction, it is crucial to preserve the conformance dimension of the discovered models, which can be
assessed using fitness, precision, and the F1-score (the harmonic mean of fitness and precision).

Fitness measures the ability of a process model to replay the behavior observed in the event log. A trace ¢ € L is not replayable
by the model if ¢ & ¢(M). While this notion of fitness is binary, traces that are not replayable may still be similar to some traces
in ¢(M). To address this limitation, the concept of optimal alignment has been introduced in the literature. This approach measures
how well a trace can be replayed by computing the alignment cost between the trace and the model. The resulting alignment fitness
metric provides a fitness degree ranging from 0 to 1 [3]. Precision evaluates the ability of a process model to represent only the
behavior observed in the event log. In this paper, we use the precision based on the escaping edges concept introduced in [3]. Since
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both fitness and precision are critical for evaluating conformance, the Fl-score is often used to capture the trade-off between these
two measurements. The Fl-score is calculated as the harmonic mean of alignment fitness and precision:

2 X fitness X precision
Fl-score = .

fitness + precision

Among the discovered models generated using various parameter configurations, we select the best models by identifying those with
the maximum F1-score while ensuring a fitness value above 0.9. This criterion guarantees that the discovered models accurately
represent the behavior observed in the event log while achieving a balanced trade-off between fitness and precision.

7.3. Analysis of the results

UWYV case study

This study is conducted in collaboration with the UWV agency and involves the analysis of an event log from one of their
claim-handling processes, covering data for 144,046 clients. Fig. 11(a) depicts the normative model derived from an extensive
analysis of the event log, enriched by domain knowledge provided by process experts actively participating in this case study. The
process begins when a claim is received. Some cases are blocked (Block Claim 1), after which corrections are made, and the case is
subsequently unblocked. In other instances, a different type of blocking (Block Claim 2) occurs shortly after the claim is initiated.
These cases typically lead to claim rejection, which may be followed by an objection from the client. If the claim is accepted, the
client becomes eligible to receive one to three payments.

However, some clients may file objections after receiving one or more payments. In such cases, no further payments should be
made. The activity Block Claim 3 is used to stop the process from executing additional payments. It can be triggered either after
receiving an objection (Receive Objection 1) that permanently stops further payments or, in some cases, due to internal reasons, such
as incorrect payment details, that temporarily block further payments. These issues may later be resolved through the Unblock Claim
3 activity.

When an objection is received, the claim is typically blocked by the agency. In parallel, the client should submit a withdrawal
request and repay the previously received benefits. Since Withdraw Claim and Repayment are initiated by the client, while Block Claim
3 is performed by the agency, the use of an AND-gateway in the BPMN model captures the concurrency between these activities,
allowing them to occur in different execution orders.

The knowledge we have about the process, along with the normative model developed in collaboration with domain experts,
serves as the basis for deriving domain-informed declarative rules to guide the process discovery. Rather than providing an extensive,
yet potentially incomplete, set of rules upfront, we follow a more iterative and targeted approach. First, we discover process models
using standard techniques, then analyze and discuss these models with domain experts. The normative model acts as shared reference
knowledge in this process, helping to identify shortcomings in the discovered models. From these discussions, we extract a more
focused and meaningful set of rules aimed at addressing the specific deficiencies observed.

Based on the parameter settings described for the IMbi, IMf, and split miner process discovery techniques, the best-performing
models, i.e., those with the highest F1-score, without using any input rules, are summarized as follows:

— IMbi: The best model illustrated in Fig. 11(d) is discovered with the parameter of sup = 0.5, this model has a fitness of 0.99
and precision of 0.90 and F1-score of 0.95.

— IMf: The best model illustrated in Fig. 11(c) is discovered with parameter f = 0.5, this model have fitness of 0.96, precision
of 0.94 and F1-score of 0.95.

— Split Miner: The best model discovered by the split miner illustrated in Fig. 11(b) is achieved with ¢ = 0.1 and 5 = 0.1. This
model has a fitness of 0.99 and precision of 0.89 and F1-score of 0.94.

After discovering process models using state-of-the-art process discovery techniques, we compared the normative model as
the ground truth with those discovered using automated techniques, particularly the models generated by the IMbi method, as
it shares the same core discovery algorithm. The discussions with domain experts, grounded in this comparative analysis, led to the
formulation of the following declarative rules. These rules reflect important domain expectations that should be captured in a good
process model but are only partially or insufficiently addressed in the discovered models.

— NotCoExistence(Block Claim 1, Reject Claim): The Block Claim 1 mechanism is not intended to lead to the rejection of claims.
Instead, it should be followed by corrections and eventual unblocking.

— Precedence(Block Claim 3, Unblock Claim 3): Not every occurrence of Block Claim 3 is followed by Unblock Claim 3, but
unblocking can only happen if the claim was previously blocked.

— Response(Unblock Claim 3, Payment Order): Unblock Claim 3 indicates that the claim, previously blocked, is now cleared to
proceed with the next payment order and its execution.

— AtMost1(Withdraw Claim): Each claim in the process may only be withdrawn once.

— AtMost1(Repayment): Each claim may only be subject to a single repayment.

— NotSuccession(Receive Objection 1, Payment Order): Although in the event log some payments are followed by the activity
Receive Objection 1 (in approximately 19% of the claims that include this activity), the agency asserts that this is not a desirable
behavior. Such occurrences may result from technical limitations in the system’s implementation. However, in a well-structured
process model, we aim to ensure that Receive Objection 1 is not followed by any further payments.
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Number of Deviations (dev — count) vs Support for Different Event Logs and Rules in IMbi and IMr
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(a) Evaluation metric dev-count.

Deviations rate (dev — rate) vs Support for Different Event Logs and Rules in IMbi and IMr (event level dev — penalty)
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(b) Evaluation metric dev-rate considering support of rules in the event level as dev-penatly.

Deviations rate (dev — rate) vs Support for Different Event Logs and Rules in IMbi and IMr (trace level dev — penalty)
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Fig. 8. The evaluation metrics dev-count and dev-rate are calculated for the models discovered using the IMbi and IMr techniques across different
sup values, considering various rule sets: R, R,, R;, and R,.

— NotSuccession(Withdraw Claim, Payment Order): After the withdrawal of a claim, no further payments should be processed.
Although the blocking mechanism may be triggered after the withdrawal in some cases, no payments should be executed once
the claim has been withdrawn.

— AlternateSuccession(Withdraw Claim, Repayment): Any withdrawal of a claim should be followed by the repayment of the
previously received benefits.

This set of 8 declarative rules, referred to as R, and derived from domain knowledge, is used alongside the input event log to guide
the IMr process discovery technique toward generating more accurate models. Applying the IMr discovery technique with a support
threshold of sup = 0.2, we obtained a process model that achieved the highest F1-score of 0.95, resulting from a fitness value of 1
(0.9974 before rounding) and a precision value of 0.91. The discovered model is depicted in Fig. 11(f).

Before conducting the comparative analysis of the discovered models and evaluating the strengths and weaknesses of each,
we first performed an additional analysis to assess whether automated rule discovery techniques, such as Minerful, can generate
meaningful rules to guide the process discovery. To this end, we applied the Minerful declarative process discovery technique with
the configuration settings detailed in Section 7.2, enabling the automatic extraction of declarative constraints from the event log
without relying on domain knowledge. Fig. 6 shows the number of rules discovered under different parameter configurations, while
Fig. 7 illustrates the pairwise similarity between the resulting rule sets.

Comparison between IMr vs. IMbi. The IMbi algorithm with parameter ratio = 0 is equivalent to the IMr algorithm without any rules
as input. We discovered process models for different parameter settings of IMbi and IMr algorithm. For each event log, the rule sets
R;, R,, R3, and R, are used as input besides the event log to investigate how well the algorithm can employ them. We used dev-count
and dev-rate as defined in Definition 14 to evaluate the discovered model. Fig. 8 presents the evaluation metrics used to assess the
compliance of each rule set with the final models discovered using the IMbi and IMr techniques across different parameter settings.
Specifically, Fig. 8(a) shows the number of violated rules, denoted as dev-count, for each rule set. These violations are measured
against the process models discovered using different values of the sup parameter, which are indicated on the x-axis.

While the number of deviating rules provides valuable insights, not all rules carry equal importance. The support parameter of
Minerful (cf. Definition 15) represents the satisfaction rate of a constraint. Declarative constraints with low support indicate that
the constraint is rarely observed in the event log, making its violation less significant. Conversely, constraints with higher support
are satisfied more frequently and thus carry greater importance. Figs. 8(b) and 8(c) present the dev-rate metric, which is computed
using the support value of individual rules as the dev-penalty, evaluated at the event and trace levels, respectively. The goal of this
analysis is to demonstrate that IMr effectively incorporates the input rules and that these rules have a significant impact on the
resulting process structure.

20



A. Norougzifar et al. Data & Knowledge Engineering 161 (2026) 102508

Comparison between IMr and IMbi Discovered Models

Log: UWV Log: UWV _filtered
10] @ mrR | @ MR
' ® MrR; ® MrR;
® IMrRs ® IM-Rs o %
09/ @ MrR:> | @ MrRs: [ )
\ ® MrRs \ \ ® MrRs
" @ IMbi \ " @ IMbi \
0811 N N AU RSN
c \ \ c AN
] o\ 3 \ o \ ) N
0} \ \ AN 2 AN \ \
207 RN . g4 A N M °
£ VN . . ° £ VN . “
\ \\ \\ AN \\\ \ \\ \\ AN \\\
\ \ AN . ~ao \ \ N S ~ao
0.6 Y% N\ AN AN S~ TN N hS AN ~
N AN N Sse s N N AN S~< \\\.
\ N e S~eo ® \ N S S~eo
0.5+, . \\ Seol RRE S \ RN \\ Seol R
AN AN Sso Se~ol - AN AN Sao Seel
. Sl e TTeeel_ " Sl e TTeeel_
< N ~e --- N < ~~e -
Y S~o S—— S S~o Se—a
0.4
0.4 0.5 0.6 0.7 0.8 0.9 1.0 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Fitness Fitness

Fig. 9. Conformance checking metrics for models discovered from the UWV event log (left) and its filtered version excluding the most frequent
trace variant (right). Each point represents a discovered model using a specific rule set (visualized with different colors) and different sup
parameter values for the IMbi and IMr discovery techniques. (If you are viewing a black-and-white version of this paper, please refer to the
online version to interpret the color references in this figure).

The next step is to evaluate the quality of the discovered models under different rule configurations using traditional metrics
such as fitness, precision, and F1-score. However, the UWV event log contains a highly frequent trace variant, which may bias the
results of conformance checking. To mitigate this effect, we used a filtered version of the event log, excluding the most frequent
trace variant, to assess whether the discovered models can adequately capture and explain the remaining behavioral patterns.

Fig. 9 represents the conformance checking metrics for the UWV event log (left-hand side) and the filtered UWV event log which
excludes the most frequent trace variant (right-hand side). In each subfigure, the x-axis represents fitness, the y-axis represents
precision, and the dashed lines indicate F1-score, i.e., all points along the same dashed line share the same F1-score. The Fl-score
increases as the points move toward the top-right corner of the plot, indicating better overall model quality. The red points in
each figure correspond to the models discovered using the IMbi discovery algorithm. Different shades of blue represent the models
discovered using the IMr technique under various rule configurations of the Minerful discovery technique, specifically, rule sets R,
R,, R;, and Ry. The purple points indicate the models discovered using IMr with rules derived from domain knowledge, denoted
as R,.

A notable difference is observed in the conformance checking results between the original event log and the filtered event log,
particularly under rule configurations R, and R,. This discrepancy is primarily attributed to the presence of Absence rules with
lower confidence values. For instance, in R,, the following Absence rules are included:

— Absence(Correct Claim), with confidence = 0.953

— Absence(Reject Claim), with confidence = 0.962

— Absence(Block Claim 1), with confidence = 0.953

— Absence(Unblock Claim 1), with confidence = 0.953

— Absence (Block Claim 2), with confidence = 0.963

— Absence(Block Claim 3), with confidence = 0.956

— Absence(Unblock Claim 3), with confidence = 0.996

— Absence(Withdraw Claim), with confidence = 0.971

— Absence(Repayment), with confidence = 0.978

— Absence (Receive Objection 1) with confidence = 0.961
— Absence(Receive Objection 2), with confidence = 0.990

The exclusion of these activities results in a simpler process model that achieves high conformance with respect to the most frequent
trace variant of the UWV event log. However, this simplification comes at the cost of significantly poorer performance for other
trace variants, excluding the most frequent one.

Comparison to other discovery algorithms. Fig. 10 compares the models discovered using IMbi, IMf, and split miner with those
obtained via the IMr discovery technique, considering rule set R; (represented in blue) as the best-performing configuration among
the automatically discovered rule sets, and R, (represented in purple) as the domain-derived rule set. This quantitative evaluation
shows that the models discovered using IMr achieve comparable or superior conformance checking values. This indicates that
incorporating rules as input does not negatively impact model quality and can, in fact, lead to improved process models even
beyond their better alignment with domain knowledge.

In Fig. 10, the conformance results for both the original event log and the filtered event log, where the most frequent trace variant
has been excluded, are presented. While the IMf algorithm produces high-quality process models when using the original event log,
the conformance checking results for the filtered event log highlight a limitation. Specifically, these models struggle to effectively
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Comparison between the discovered models using IMr and other techniques
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Fig. 11. The best discovered models from UWV event log using different process discovery algorithms.

capture and represent trace variants beyond the most frequent one. In contrast, the other discovery techniques demonstrate the
ability to represent both the original and the filtered event logs with greater robustness.
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Analysis of discovered models. In addition to the quantitative analysis, we conducted a qualitative analysis of the discovered models
based on the domain knowledge we had available through domain experts and the obtained normative model:

— Discovered model with split miner represented in Fig. 11(b): Several activities in the model are incorrectly involved in
self-loops, which are not intended according to the process logic. Notable examples include Accept Claim, Payment Order,
Withdraw Claim, and Repayment. Additionally, the structure representing the post-payment behavior lacks the clarity and
straightforwardness typically found in models discovered using inductive miner techniques, making it more difficult for domain
experts to interpret. In particular, the positioning of activities following the handling of payments for accepted cases differs
significantly from the designed normative model shown in Fig. 11(a). The branching structure following Block Claim 3, defined
by an exclusive choice gateway, only permits either unblocking the claim or terminating the process. However, the correct
process behavior should also allow for the withdrawal of the claim and subsequent repayment of benefits as valid continuations.
This process model incorrectly allows a claim to be withdrawn without requiring repayment of the received benefits, which
should not be possible.

— Discovered model with IMf represented in Fig. 11(c): This process model performs the worst among the selected models, as it
fails to position activities in their correct relative order. The model appears to have been heavily influenced by noise in the
event log and seems to have been tailored to accommodate only the most frequent trace variants. We highlight a few of its
major shortcomings: the only valid start activity should be Receive Claim, which must be followed by Start Claim, however, the
model permits several other activities to initiate the process. Furthermore, the branching structure following the first exclusive
choice disrupts the proper sequencing of activities. For example, activities such as Block Claim 1 and Unblock Claim 1 should
appear after Start Claim, and Block Claim 3, Repayment, and Withdraw Claim should be after the execution of payments.

— Discovered model with IMbi represented in Fig. 11(d): The execution of Block Claim 1 should be restricted to accepted claims.
However, the current process model allows this activity to occur before the exclusive choice that separates the paths for
accepted and rejected cases. Additionally, multiple occurrences of Correct Claim are not permitted in the model, although such
repetitions are allowed in practice. There should be no payment order or execution after Receive Objection 1. However, this
process model allows Receive Objection 1 to be followed by additional payments. Repayment should only be possible if the claim
has been withdrawn. The looping behavior introduced by Unblock Claim 3 may occur without a blocking order and enables
multiple executions of Withdraw Claim and Repayment, although each of these should occur at most once.

— Discovered model with IMr with discovered rules represented in Fig. 11(e): Although the conformance checking results show
no significant difference between this model and the one discovered using domain-specific rules, this model exhibits less
alignment with the normative model. Several deficiencies highlight this misalignment: Receive Objection 1 may occur before the
execution of any payments or after any payment, and it can be followed by further payments. This behavior is not desirable in
a discovered model, as it contradicts the expected process logic. Additionally, the positioning of Unblock Claim 3 is inaccurate.
It should occur only after Block Claim 3 and should precede any subsequent payments, reflecting the resolution of the issue that
initially triggered the block. Moreover, this model incorrectly allows for the repayment of benefits without a corresponding
claim withdrawal, as well as the withdrawal of a claim without requiring repayment.

— Discovered model with IMr with domain rules represented in Fig. 11(f): A visual comparison between this model and the
normative model shown in Fig. 11(a) reveals a good level of alignment with the expected process behavior. Based on the
evaluation by process experts, this model provides the most accurate representation of the process among the discovered
models. However, certain deficiencies remain that IMr is unable to address effectively, primarily due to its limitations in
capturing long-term dependencies. For instance, Unblock Claim 1 should only occur if it is preceded by Block Claim 1, a
condition that similarly applies to Unblock Claim 3 and Block Claim 3. Furthermore, the duplicate activity Block Claim 3
cannot be properly represented by any of the selected discovery algorithms, as they do not support duplicate activities in
process modeling. Placing Block Claim 3 inside the payment loop is also incorrect, however, this structure enables the model
to incorporate the unblocking mechanism, as well as the withdrawal and repayment of benefits. Additionally, the model permits
Repayment without a preceding Withdraw Claim, highlighting IMr’s difficulty in enforcing strict behavioral dependencies
between activities. This limitation stems from the recursive nature of the algorithm and the independent handling of subtasks,
which lack proper synchronization.

Real-life event logs without domain knowledge

For the other publicly available event logs introduced in Section 7.1, no domain knowledge exists that can be directly encoded
as rules to guide process discovery. Instead, we extract declarative constraints from those logs, using the parameter configurations
outlined in Section 7.2, to generate our own rules, and then evaluate how incorporating these rules into the IMr discovery technique
yields more accurate process models.

Comparison between IMr vs. IMbi. Similar to the UWV case study, we compute the evaluation metrics dev-count and dev-rate for
different process discovery methods and rule sets. The results are presented in the following figures:

— Fig. 12 shows dev-count,
— Fig. 13 presents dev-rate calculated using event-level rule support as dev-penalty,
— Fig. 14 presents dev-rate using trace-level rule support as dev-penalty.
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Number of Deviations (dev — count) vs Support for Different Event Logs and Rules in IMbi and IMr
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Fig. 12. Comparison of dev-count between IMbi (red) and IMr (blue) across different event logs (rows) and rule sets (columns).

Deviations rate (dev — rate) vs Support for Different Event Logs and Rules in IMbi and IMr (event level dev — penalty)
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Fig. 13. Comparison of dev-rate based on event-level rule support as dev-penalty, for IMbi (red) and IMr (blue). Subfigures are arranged by event
log (rows) and rule set (columns). (If you are viewing a black-and-white version of this paper, please refer to the online version to interpret the
color references in this figure).

In these visualizations, each subfigure corresponds to a specific event log (shown in rows) and rule set (shown in columns). IMbi
results are depicted in red, and IMr results in blue. The x-axis of each subfigure represents the sup parameter used in the discovery
algorithms.

The results demonstrate that the rule sets provided as input are effectively utilized by the IMr technique to discover models that
comply with these rules. In contrast, the IMbi technique, which does not incorporate any rules, produces models with notably more
deviations. This comparison indicates that IMr successfully integrates the rules into the discovery process, leading to a significant
reduction in both the number and severity of deviations.
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Deviations rate (dev — rate) vs Support for Different Event Logs and Rules in IMbi and IMr (trace level dev — penalty)
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Fig. 14. Comparison of dev-rate based on trace-level rule support as dev-penalty, for IMbi (red) and IMr (blue). Each subfigure represents a
combination of event log (row) and rule set (column). (If you are viewing a black-and-white version of this paper, please refer to the online
version to interpret the color references in this figure).

In Fig. 15, fitness, precision, and F1-score are illustrated for different rule configurations. Each subfigure contain the results for
a specific event log. The x-axis represents fitness, while the y-axis represents precision. The dashed lines in the figure correspond to
constant F1-score values, with points lying on the same dashed line sharing the same F1-score. Moving towards the top-right corner
of the figure indicates an increase in the F1-score. The different shades of blue represent distinct rule configurations, namely R,
R, R3, and R,. In contrast, the red color represents the IMbi-discovered model, which does not use any rules as input. These results
highlight that integrating rules as input enhances the quality of the discovered models, as evidenced by noticeable improvements
in both precision and F1-score.

Since the effect of parameter settings of the discovery techniques in the quality of the discovered models is less apparent in
Fig. 15, we provide a more detailed analysis for selected values of the sup parameter of IMr and IMbi techniques, specifically
sup € {0.1,0.5,0.9}. Table 3 summarizes the conformance checking metrics fitness (fit), precision (prc), and F1-score (F1) for each
rule set used in the IMr technique as well as the discovered model with IMbi, considering this selection of sup parameter values.
In addition, for each rule set, we report the parameter setting that resulted in the best-performing model. The row labeled best
indicates both the parameter setting (top) and the corresponding conformance checking values (bottom). For each event log, the
combination of the parameter setting and rule set that yields the best model is highlighted in bold. If no model achieves a fitness
above 90%, there is no best model and therefore, it is indicated with an “X” symbol.

In Fig. 16, we illustrate the fitness, precision, and F1-score for all discovered models across various rule configurations using a
box plot. The diagram reveals that the most significant improvement is observed in the precision dimension, which, in turn, leads
to an overall increase in the Fl-score. This enhancement demonstrates that the rule-guided discovery algorithm effectively steers
the process towards more precise process structures, where the behavior allowed by the model aligns more closely with the rules
provided as input.

Since the given rules encapsulate additional information about sophisticated relationships between activities, the results highlight
that incorporating such rules helps to constrain the behavior permitted by the model, ensuring it does not deviate from the specified
rules. Moreover, this additional information refines the model by limiting behaviors not observed in the event log, thereby enhancing
its overall quality and adherence to domain-specific requirements.

Comparison to other discovery algorithms. While the primary objective of this paper is to demonstrate the algorithm’s effectiveness
in satisfying the input rules, it is also important to assess the quality of the discovered models in comparison to state-of-the-art
process discovery algorithms. For this comparison, we use the R; configuration (confidence = 0.99 and support = 0.005) for all IMr
discoveries. This configuration is chosen because the high confidence value indicates that the activation of rules reliably leads to
their satisfaction, while the low support value ensures that the rules are satisfied at least a few times.

A summary of the results is presented in Fig. 17. In this figure, different colors represent various discovery techniques.
Specifically, we compared the models discovered using the IMr algorithm with those generated by IMbi, IMf, and split miner,
employing the parameter configurations detailed in Section 7.2. The results demonstrate that, even though the input rules are not
explicitly designed to optimize the process models, a carefully chosen set of rules can yield models that are comparable to or, in
some cases, outperform those generated by state-of-the-art techniques.
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Comparison between IMr and IMbi Discovered Models

Log: BPIC12 Log: BPIC17
10] @ MR @ N | ® mwrr ®
® MR, 0@ » ° . ® MR, N ® i
® IMrR; iﬁ ® MrR;
091 @ IMrR;> — N {1 @ MR - . ‘. P
\
. @ IMbi N e @ MBI N Y e [ ]
osdd VN NN Ldud RN
. \ N 1 \ N
s VNN NN sV N NN AN { ]
a \ \ \ b <] N \ "
a VoN N N . AN N . ®
o071 NN NN ~ L] 21 0N N NN ~
a N \ . N ~ - Y N N N ~
3 \, N ~ Sso Sl I \ \ oN Sao S el
0.6 \\ \\ \\ Y Ssao Seeel \\\ \\ \\ NG Saal Seeol
X N \ ~ ~oo S~ \, \, S S A
\\ S \‘\ \\‘\\ o \\ S \‘\ \“\; o
‘\ \\\ AR - 0.69 - \\ \\\ AN - ) -
N RNy T oss =~ . Sl T 0ss -
0.4 - e . . * —— e .
Fitness Fitness
Log: BPIC18 Log: RTFM
IMr-R IMr-R
101 @ oy 19 oy o
® MR, N o ® MR N
® MrR; ® MR Y
091 @ MR:Z ‘ 1@ MR T Qe @ LY
L BANERN e | Lm0 L
084} \ N \ N 1 \ N \ AN
c \ \ \ AN AN c \ \ \ AN AN
S v N \, AN AN 5] \ N N AN AN
@ VON N NN 2l NN N e ]
074 N NN A N g4 N NN ™ ~ L]
£ N ~ AN ~ & NN AN ~
N RN A AN Tl NN AN N AN [
0.6 NN N sl e Tl NONONL el e Tl
: \ \ ~ Y S~ \ \, N Y S~o
N N ~. ~~ao o Y Sso “®--
054 S s paN RS RN . -~ ® g
\ N -~ \ ~ -
o Y Sl 060 __ AN ~ S~ 060 __
. Sao T oss e A e T o0ss -~
0.4 * S —— : - — — —
Fitness Fitness
Log: Sepsis Log: HB
IMr-R
1.0 @ MRy owe &
® MR, N
® M-R: o 4 o ‘ )
0.9 { @ IMrR.> L]
NN
. @ IMbi [ )
I N
038 VNN NN
5 SV N NN
2 BN N N N e
307 B4 N N N . ~
- & \ N N N N
\ '\ N, S, SS
N N \ ~
\ \ \ . . S~
\ = . . e
A . . ~
0.5 N SO T Tl
N ~
AN N Y 060 __
AN S~e =055 I
~ = S ~eo e
0.4
04 05 06 07 08 09 10 04 05 06 07 08 09 10

Fitness Fitness

Fig. 15. The comparison between conformance checking results for the IMr discovery technique considering different rule sets (R,, R,, R;, and

R,) and the IMbi discovery technique. (If you are viewing a black-and-white version of this paper, please refer to the online version to interpret
the color references in this figure).

Since the correspondence between the parameter settings of each individual process discovery technique and the points
represented in Fig. 17 is not visually identifiable, we summarize the conformance checking results for a selection of parameter
configurations in Table 4. The selected parameter settings include sup € {0.1,0.5,0.9} for IMr and IMbi, f € {0.1,0.5,0.9} for IMf,
and (¢, 7) € {(0.1,0.1),(0.1,0.5),(0.2,0.1), (0.2,0.5)} for split miner. In addition, for each discovery technique, we report the best model
that achieved the highest F1-score, provided that its fitness exceeds 90%. These results are shown in the best row for each technique.
If there is no such model with fitness above 90%, we show it with “X” symbol. For the IMr technique, we report two sets of results:
(1) the best model discovered using the R; rule set, and (2) the best model across all rule sets (R, R,, R3, and R,), shown in the
best-all row. For each discovery technique and event log, the parameter setting that achieved the best model is displayed on the top
row, and the corresponding conformance checking metrics, fitness, precision, and F1-score are shown on the bottom row.

Runtime analysis. The IMbi algorithm requires the exploration of a potentially large set of candidate cuts in each recursion,
calculating the cost for each candidate to compare and select the one with the minimum cost (cf. Algorithm 1 with R = #). When
rules are provided as input, they are used to prune the set of candidate cuts (cf. Definition 13), effectively reducing the search space.
Consequently, this pruning mechanism is expected to lower the computational cost of the algorithm. In Fig. 18, we compare the
runtime of the IMbi and IMr algorithms with state-of-the-art process discovery methods, demonstrating the efficiency gains achieved
through rule-based pruning.

The IMbi algorithm exhibits the highest computational cost due to the exploration of all candidate cuts and the necessity
of calculating the cost for each cut to enable comparisons. When a set of rules is provided as input, the computational cost is
significantly reduced in all experiments, as the number of candidate cuts is constrained. Split miner consistently achieves the
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Conformance checking results (fitness, precision, and F1-score) for IMr and IMbi models at selected sup values (0.1, 0.5, 0.9). For each
event log and rule set, the best-performing configuration is highlighted in bold. Configurations with fitness below 90% are marked

with “X” to indicate the absence of an acceptable model.

BPIC12 BPIC17 BPIC18 RTFM Sepsis HB

param. fit prc F1 fit prc F1 fit prc F1 fit prc F1 fit prc F1 fit prc F1

0.1 97 93 95 94 91 92 88 96 92 98 89 93 78 57 66 94 100 97

IMr 0.5 84 99 91 90 95 92 94 96 95 79 100 88 85 57 68 79 100 88

with 0.9 81 100 90 88 100 94 93 98 95 79 100 88 72 88 79 79 100 88
R, Best 0.1 0.2 0.5 0.1 X 0.1

97 93 95 93 95 94 94 96 95 98 89 93 X X X 94 100 97

0.1 98 92 95 97 89 93 96 93 94 99 73 84 93 38 54 93 100 96

IMr 0.5 81 100 90 88 100 94 94 96 95 79 100 88 85 53 66 79 100 88

with 0.9 81 100 90 88 100 94 91 98 94 79 100 88 75 81 78 79 100 88
R, Best 0.1 0.2 0.4 0.3 0.2 0.1

98 92 95 96 98 97 94 95 95 95 86 9 92 48 63 93 100 96

0.1 98 83 90 98 89 93 96 93 94 99 74 85 85 51 64 96 95 96

IMr 0.5 84 87 8 88 100 94 94 96 95 79 100 88 81 57 67 80 94 86

with 0.9 63 100 77 88 100 94 91 98 94 79 100 88 73 71 72 80 94 86
R, Best 0.1 0.3 0.4 0.3 X 0.1

98 83 9 96 98 97 94 95 95 95 87 91 X X X 96 95 96

0.1 98 83 90 98 85 91 86 87 87 100 49 66 99 29 45 98 93 95

IMr 0.5 84 87 86 88 99 94 84 89 87 79 91 85 91 44 59 83 92 88

with 0.9 63 100 77 88 99 94 83 90 86 79 92 85 85 59 70 83 100 91
R, Best 0.1 0.2 X 0.3 0.5 0.1

98 83 90 96 98 97 X X X 95 72 82 91 44 59 98 93 95

0.1 100 56 72 99 74 84 100 85 92 100 39 56 99 30 45 95 34 50

0.5 84 88 86 88 88 88 94 90 92 79 59 67 91 46 61 74 76 75

IMbi 0.9 75 98 85 80 99 89 93 92 92 79 72 75 84 60 70 81 87 84
Best 0.2 0.4 0.7 0.2 0.3 0.1

94 84 89 90 89 89 93 92 92 100 48 65 92 48 63 94 40 56
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Fig. 16. Box plot showing fitness, precision, and F1-score for all discovered models across different rule configurations. The results highlight
significant improvements in precision, leading to an overall increase in the F1-score.
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Comparison between the discovered models using IMr and other techniques
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Fig. 17. Comparison of model quality (fitness, precision, and F1-score) between IMr (using R; configuration) and state-of-the-art process discovery
algorithms. The results show that a well-chosen set of rules can produce models comparable to or superior to those generated by state-of-the-art

techniques. (If you are viewing a black-and-white version of this paper, please refer to the online version to interpret the color references in this
figure).

lowest computation time across all experiments. Additionally, in certain cases, the IMr algorithm demonstrates better computational
performance compared to the IMf method.

The time required to discover declarative constraints from the event logs is not included in Fig. 18. However, extracting such
rules may introduce additional computational overhead. In Fig. 19, we present a runtime comparison similar to Fig. 18, but this
time incorporating the time needed to discover constraints using the Minerful technique into the total runtime of the IMr approach.
The results show that when rule discovery is performed prior to applying IMr, the added overhead may result in minor to no
improvement in comparison to IMbi such as for the BPIC12, BPI18, and RTFM logs. However, for more complex event logs such
as Sepsis, HB, and UWV, the IMr technique still demonstrates a clear runtime advantage over IMbi, even when including the time
required for rule discovery. This is likely due to the higher structural complexity or the larger number of activities in these logs.

Analysis of the discovered models for BPIC2017. To conclude the experimental evaluation, we present selected discovered models for

one of the event logs, namely BPIC17, to offer insights into their structure and support a more detailed assessment.
The best models discovered for the BPIC2017 event log are as follows:

— IMr: The discovered model with rule set R, and parameter sup = 0.2 is the best with fitness of 0.96 and precision of 0.98 and
F1-score of 0.97 (rule set Ry with sup = 0.3 and rule set R, with sup = 0.2 resulted in the same discovered models).
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Table 4

Conformance checking results (fitness, precision, and F1-score) for selected parameter configurations of each process discovery technique.
For each technique, the best-performing model is reported in the best row. For IMr, both the best model using R; and the best model
across all rule sets are included (labeled best-R; and best-all, respectively). Configurations with fitness below 90% are marked with “X”.

BPIC12 BPIC17 BPIC18 RTFM Sepsis HB
param. fit prc F1 fit prc F1 fit prc  F1 fit prc F1 fit prc  F1 fit prc F1
0.1 98 83 90 98 89 93 96 93 94 99 74 85 85 51 64 96 95 96
0.5 84 87 86 88 100 94 94 96 95 79 100 88 81 57 67 80 94 86
0.9 63 100 77 88 100 94 91 98 94 79 100 8 73 71 72 80 94 86
IMr R 0.1 0.3 0.4 0.3 X 0.1
3 98 83 90 96 98 97 94 95 95 95 87 91 X X X 96 95 96
Best-all 0.1, R, 0.3, R; 0.4, R; 0.1, R, 0.2, R, 0.1, R,
97 93 95 9% 98 97 94 95 95 98 89 93 92 48 63 94 100 97
0.1 100 56 72 99 74 84 100 85 92 100 39 56 99 30 45 95 34 50
0.5 84 88 86 83 88 88 94 90 92 79 59 67 91 46 61 74 76 75
IMbi 0.9 75 98 85 80 99 89 93 92 92 79 72 75 84 60 70 81 87 84
Best 0.2 0.4 0.7 0.2 0.3 0.2
94 84 89 90 89 89 93 92 92 100 48 65 92 48 63 94 40 56
0.1 97 47 64 9% 79 87 97 42 59 98 90 94 95 30 46 93 51 66
0.5 80 88 84 70 100 82 69 85 76 78 71 75 43 90 58 83 92 87
IMf 0.9 58 100 74 64 100 78 44 87 58 71 84 77 43 90 58 83 99 90
Best 0.2 0.2 0.1 0.1 0.2 0.1

96 73 83 91 85 88 97 42 59 98 90 94 90 56 69 93 51 66

0.1, 0.1 87 91 89 98 90 94 100 70 82 100 92 96 98 35 52 100 87 93

0.1, 0.5 91 100 95 93 99 96 98 91 94 89 100 94 76 71 73 99 94 96

0.2, 0.1 75 92 83 98 90 94 100 70 82 100 92 96 98 35 52 100 86 93

0.2, 0.5 89 98 93 93 99 96 98 91 94 89 100 94 76 71 73 99 94 96
0.1, 0.3 0.2, 0.5 0.2, 0.5 0.2, 0.3 0.2, 0.3 0.2, 0.5

92 98 95 93 99 96 98 91 94 100 96 98 94 46 62 99 94 96

SM
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Fig. 18. Runtime comparison of the IMbi, IMr, and IMf algorithms against state-of-the-art process discovery methods. The results show that IMbi
has the highest computational cost due to exhaustive exploration, while the use of rules (IMr) reduces computation time by limiting candidate
cuts. Split Miner consistently achieves the lowest runtime, with IMr occasionally outperforming IMf in specific cases.

— IMbi: The best model is discovered with the parameter of sup = 0.4, this model has a fitness of 0.9 and precision of 0.88 and
F1-score of 0.89.

— IMf: The best model is discovered with parameter f = 0.2, this model has a fitness of 0.91, precision of 0.85 and F1-score of
0.88.

— Split Miner: The best model discovered by the split miner is achieved with ¢ = 0.2 and # = 0.5. This model has a fitness of
0.93 and precision of 0.99 and F1-score of 0.95.
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Runtime Comparison Across Configurations and Event Logs
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Fig. 19. Runtime comparison of process discovery techniques, including the additional time required for rule discovery using Minerful in the
IMr approach.

Table 5
Comparison of metrics across different discovery techniques for the BPIC17 event log.
Discovery technique IMr IMbi Mf Split miner
Parameter setting sup = 0.2 sup = 0.4 =02 e=02,n=05
fitness 0.96 0.90 0.91 0.93
precision 0.98 0.88 0.85 0.99
F1-score 0.97 0.89 0.88 0.95
dev-count 20 34 26 48
dev-rate 0.03 0.05 0.04 0.11

[O_Sent{onlineonty o

{O_Returned]
= o0,

o
O SOSBEIIIT S GRS I

/R

e

(d) Process model discovered using IMr with sup=0.2 and the rule set Rj.

Fig. 20. The best discovered models from BPIC17 event log using different process discovery algorithms.

The conformance checking results (fitness, precision, and F1-score) along with the deviation metrics (dev-count, and dev-rate)
are summarized in Table 5. The corresponding best models are visualized as BPMN models in Fig. 20.

Considering the R, rule set, which yielded the best model for IMr, we highlight several rules that deviate in other process
discovery methods but are satisfied in the model discovered using the IMr framework represented in Fig. 20(d). These rules are
listed below (s represents the abbreviation for support and ¢ denotes the abbreviation for confidence):

— The discovered model with IMbi represented in Fig. 20(c):
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o AlternateSuccession(A_Concept, A_Complete), s = 0.14, ¢ = 1.0

o NotChainSuccession(A_Complete, O_Returned), s = 0.13, ¢ = 1.0
o AtMost1(A_Complete), s = 0.07, ¢ = 1.0

e NotCoExistence(O_Cancelled, A_Denied), s = 0.06, ¢ = 0.98

e NotCoExistence(A_Pending, A_Denied), s = 0.05, c = 1.0

e NotCoExistence(A_Denied,O_Accepted), s = 0.05, ¢ = 1.0

— The discovered model with IMf represented in Fig. 20(b):

e NotChainSuccession(A_Complete, O_Returned), s = 0.13, ¢ = 1.0
e NotChainSuccession(O_Cancelled, A_Denied), s = 0.06, c = 1.0
e NotCoExistence(A_Pending, A_Denied), s = 0.05, c = 1.0

e NotCoExistence(O_Accepted, O_Re fused), s =0.05, c = 1.0

e NotCoExistence(A_Denied,O_Accepted), s = 0.05, c = 1.0

— The discovered model with the split miner represented in Fig. 20(a):

e CoExistence(O_Sent(mail and online), O_Created), s = 0.19, ¢ = 0.99

e NotChainSuccession(O_Sent(mail and online), O_Created), s = 0.19, ¢ = 1.0
e CoExistence(O_Create Of fer,O_Sent(mail and online)), s = 0.19, ¢ = 0.99
e CoExistence(O_Created, A_Complete), s =0.17, ¢ = 1.0

o CoExistence(O_Create Of fer, A_Complete), s =0.17, ¢ = 1.0

o Succession(A_Accepted, O_Sent(mail and online)), s = 0.16, ¢ = 0.99

7.4. Discussion

As discussed in Section 5.4 and demonstrated in the experiments, it is infeasible to guarantee full satisfaction of the input rules in
the final discovered models. The inductive mining-based approach is inherently biased toward discovering block-structured process
trees through a recursive, divide-and-conquer strategy. This recursive decomposition makes it difficult to evaluate constraints whose
activation and target activities are distributed across different subtrees, thus leading to potential rule violations in the final model.
The representational bias of the inductive miner technique is an inherent limitation. Therefore, extending the idea of guided process
discovery with rules to other discovery techniques that support more flexible structures could be a promising direction for future
research.

In cases where no candidate cut fully satisfies all input rules, our framework proceeds with the cut that yields the minimum
deviation, as defined in Definition 13. This means that some rule violations are accepted, but any selected cut must still be supported
by the behavior observed in the event log. An alternative and promising direction could involve assigning priorities to the rules,
enabling the enforcement of high-priority constraints even if it requires selecting a cut that is not among the initially identified
candidate cuts.

The automatic discovery of declarative rules requires careful selection of parameters for rule evaluation. In our experiments,
we tested four different configurations, however, the results did not yield a consistent guideline for identifying the most effective
parameter setting. This challenge is further compounded by the lack of domain knowledge for the publicly available real-life event
logs, making it difficult to assess which discovered models align more closely with domain expectations.

8. Conclusion

In this paper, we have extended the IMr framework for rule-guided process discovery, addressing several key limitations of the
original approach and broadening its applicability. By incorporating user-defined or discovered declarative rules into the process
discovery workflow, our framework enables the creation of process models that better align with domain-specific constraints. We
provided a mathematical foundation for the cut search algorithm, allowing for the integration of a wider range of rules. Furthermore,
we introduced evaluation metrics to quantify rule deviations, offering a clearer assessment of model quality.

Our work also addresses a critical limitation of the original algorithm, where rule conflicts in intermediate recursions led to
the exclusion of rules entirely. By enhancing the algorithm to select the most promising cut even in the absence of rule-compliant
candidates, we improved its robustness and practical utility. The proposed framework was evaluated using real-world event logs,
demonstrating that the proposed discovery algorithm is able to change the process structure in accordance to the rules. We also
showed that the conformance quality of the discovered models are comparable with the state-of-the-art discovery techniques.

These results highlight the value of incorporating domain knowledge into process discovery to generate more accurate and
interpretable models. The contributions of this work provide both theoretical advancements and practical tools for researchers and
practitioners. Future research could explore the scalability of the approach for larger event logs, the integration of additional rule
types, and automated methods for assigning rule importance weights. By addressing these directions, the field of rule-guided process
discovery can further advance towards more effective and adaptable frameworks.
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