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Resumen

En la gestion de procesos empresariales modernos, caracterizados por su dinamismo
y competitividad, las desviaciones temporales constituyen un desafio critico para la
eficiencia operativa. Si bien las herramientas analiticas actuales permiten el monitoreo
descriptivo, estas carecen de la capacidad para identificar, interpretar y explicar las
relaciones causales subyacentes a dichas ineficiencias, limitando la toma de decisiones
efectivas durante las fases de planificacion y ejecucion.

Esta investigacion supera la brecha existente en el andlisis de desviaciones tempo-
rales mediante el desarrollo de una metodologia que integra la Mineria de Procesos
con la Inferencia y el Descubrimiento Causal. El enfoque desarrollado no solo detecta
las anomalias, sino que dota al sistema de interpretabilidad y explicabilidad sobre sus
causas raiz. Esto permite optimizar la dinamica de roles y habilita un monitoreo basado
en relaciones causales estructurales, proporcionando una comprension del proceso su-
perior a la ofrecida por las métricas tradicionales.

La metodologia se validé mediante un enfoque dual riguroso: en primera instan-
cia, utilizando datos sintéticos de la comunidad cientifica para pruebas controladas; y
posteriormente, a través de una implementaciéon en campo dentro de un entorno em-
presarial real. Este procedimiento demostro tanto la solidez tedrica del modelo como
su aplicabilidad practica para el analisis causal en la industria.

Como investigacion aplicada, este trabajo consolida un enfoque integral que retine la
inteligencia causal y la gestién de procesos para gobernar las desviaciones temporales.
La principal contribucién es un marco que facilita la toma temprana de decisiones
basada en el razonamiento causal, permitiendo evaluar acciones focalizadas y estimar
de antemano su impacto en la mejora de los procesos, abarcando todo el ciclo, desde
la planificacién hasta la ejecucion.

Palabras clave: Mineria de Procesos Causal; Desviaciones Temporales; De-
scubrimiento e Inferencia Causal; FEzxplicabilidad Contrafactual; Mineria Organiza-
cional.



Abstract

In the management of modern business processes, characterized by dynamism and
competitiveness, temporal deviations constitute a critical challenge for operational effi-
ciency. Although current analytical tools enable descriptive monitoring, they lack the
ability to identify, interpret, and explain the causal relationships underlying such inef-
ficiencies, limiting effective decision-making during the planning and execution phases.

This research bridges the existing gap in the analysis of temporal deviations through
the development of a methodology that integrates Process Mining with Causal Inference
and Discovery. The proposed approach not only detects anomalies but also provides the
system with interpretability and explainability regarding their root causes. This makes
it possible to optimize role dynamics and enables monitoring based on structural causal
relationships, offering a superior understanding of the process compared to traditional
metrics.

The methodology was validated through a rigorous dual approach: first, using
synthetic data from the scientific community for controlled testing; and subsequently,
through an in-field implementation within a real business environment. This procedure
demonstrated both the theoretical soundness of the model and its practical applicability
for causal analysis in industry.

As applied research, this work consolidates a comprehensive approach that com-
bines causal intelligence with process management to govern temporal deviations. The
main contribution is a framework that facilitates early decision-making grounded in
causal reasoning, enabling the evaluation of targeted actions and the ex-ante estima-
tion of their impact on process improvement, covering the full cycle from planning to
execution.

Keywords: Causal Process Mining; Temporal Deviations; Causal Discovery &
Inference; Counterfactual Fxplainability; Organizational Mining.
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Chapter 1

Introduction

1.1 Context and Motivation

Current organizations operate in dynamic and highly competitive environments, where
the efficiency of business processes is critical. A frequent challenge is the emergence
of temporal deviations during execution, even in carefully planned processes [55, 66].
These deviations reduce efficiency, increase costs, and generate delivery delays, directly
impacting the final quality of products and services [51].

Process mining offers techniques to discover, monitor, and improve workflows
through the analysis of event logs [63,57,58]. These techniques enable contrasting
actual execution against reference models, analyzing variants, and detecting anomalies
or temporal deviations at both activity and trace levels [b7,58].

However, most of these approaches primarily rely on association measures and per-
formance metrics, frequently omitting the explicit modeling of cause-effect relation-
ships [6]. This limitation hinders a deeper understanding of the mechanisms causing
deviations and complicates the design of effective causality-based interventions. This
issue persists despite recent advances in causal inference [41,42], explainability through
counterfactual reasoning [20], and the acknowledgment of aggregation biases such as
Simpson’s paradox [19].

Historically, process managers have relied on metrics derived from event logs, model-
based simulations (e.g., discrete-event BPMN simulations), fault_analysis, and machine
learning techniques to predict times and identify patterns [7-10]. While these tools
allow evaluation of alternatives and generation of controlled scenarios, they rarely rep-
resent explicit causal relationships [[7]. As a result, practical decisions often depend on
heuristics and tacit expert knowledge, introducing biases and limiting effectiveness [5].

In recent years, attempts have emerged to integrate process mining with causal
discovery and inference methods. Some examples include estimating extrinsic delays
between pairs of consecutive activities [59] or employing structural discovery frame-
works [7,[14]. However, there is still no unified framework that allows not only the
identification of deviations but also explanation of their causes and anticipation of the
effects of operational changes in event flows.

Temporal deviations originate from diverse sources, such as queues, resource avail-
ability, allocation policies, external waiting times, and dependencies between activi-
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Chapter 1. Introduction

ties [p9]. Distinguishing these factors requires models capable of separating spurious
correlations from causal relationships, identifying confounding variables, and establish-
ing valid assumptions for causal identification in observational data [7,41]. In this
context, this thesis proposes analyzing event flows as temporally structured sequences,
with durations, waiting times, and observed resources, incorporating domain-consistent
constraints to enable valid causal inferences.

The practical motivation is that process analysis should not only detect deviations
but also explain their causes and support informed decisions to improve performance.
A causal approach makes it possible to evaluate how factors such as resource allocation,
available capacity, and coordination between roles influence cycle times and deadline
compliance [§,110,64]. Unlike purely descriptive methods, this approach introduces clear
explanations based on cause-effect relationships and intervention scenarios [20,42], aim-
ing to advance toward models with enhanced causal interpretability and explainability.

1.2 Problem Statement

In the previous section, it was established that temporal deviations in business processes
not only affect operational efficiency but also lack a framework explaining their under-
lying causes. Process mining identifies anomalies in a primarily descriptive manner but
does not offer causal interpretations or mechanisms to anticipate their effects [51,58].
To address this gap, it is necessary to formalize the problem of temporal deviations by
explicitly considering activity execution, the temporal structure of traces, and interac-
tions among roles within an explicitly causal approach [[7,20,41].

Let A be the set of activities, R the set of roles or resources, 7' C R the temporal
domain, and O the space of operational attributes. The set of events FE is defined,
where each e € E has projections m,(e) € A (activity), m,.(e) € R (role), ms(e) € T
(start time), m.(e) € T (end time), and 7m,(e) € O (associated attributes). An event
log is L. C E*; each trace 0 = (e1,...,e,) € L describes a process instance and
satisfies ms(er) < me(ex) < ms(ex+1) [62,b3]. The attributes m,(e) = (01, ..., 0,) include
operational variables (inputs, materials, quality metrics, etc.) that influence activity
durations and the emergence of deviations [9,56].

Process temporal behavior is also analyzed through variants. The activity projec-
tion of a trace is defined as:

v(o) = (ma(er), ..., ma(em)) € A"

Two traces belong to the same variant if they satisfy v(o) = v(o’). For v € A*, its
equivalence class is defined as [v] := {0 € L : v(0) = v} [52,55]. This notion allows
studying how different execution sequences generate distinct temporal patterns [52].

The problem of temporal deviations is observed in two main dimensions. The first
dimension corresponds to variability in activity execution. The service time of an event

12



Chapter 1. Introduction

is defined as:

Ale) := me(e) — ms(e).

For an activity a € A, considering the set X, := {A(e) : e € L, m,(e) = a}, its
moments /i, := E[X,] and 02 := Var(X,) describe stability. A high variance o2 rela-
tive to pu, reflects irregular behavior, complicating planning and increasing operational

uncertainty [56,59].

The second dimension involves deviations in activity flows. For consecutive events
ek, €r+1 10 a trace o, with a; = m,(ex) and a; = m,(eg+1), the waiting time is defined
as At;j(0) = ms(egs1) — me(ex). A deviation occurs when:

Atij(0) & [pyg — Aoy pij + Aoy,
where p;;,0;; are the historical mean and standard deviation of the transition (a;, a;),
and A > 0 is a tolerance threshold [51,55]. Analysis can extend beyond consecutive

pairs. For a trace o; = (e, .. €, and 1 < j < k < my, the temporal distance is
defined as:

0i(j, k) := my(ey,) — me(€]),

whose set, ordered lexicographically, forms the vector:

deRY), 2l =[5,k |1<j<k<m,

which summarizes the complete temporal structure of the trace [63]. Thus, deviations
in flow are understood both at the local transition level and through temporal relation-
ships between non-adjacent activities within a variant.

These two dimensions are complemented by the organizational dimension. Each
event is associated with a role, and interactions between roles influence process times.
For r € R, the workload in a trace is defined as W,(o) := [{e € o : m.(e) = r}|,
representing the number of events executed by role r in ¢. An uneven distribution
of W, generates bottlenecks that increase transition times; these interactions can be
modeled using an organizational graph G = (R, Er), where:

Er:=A{(ri,r;): 30 € L, e, ep1 € 0 with m,(ex) =14, m(exs1) =15},

and each edge indicates an immediate transfer of work between roles. The expected
delay in these transfers, At,,, = E[t*(a;) — t"Ua;) | r(a;) = i, rla;) = i),
quantifies how coordination conditions the propagation of temporal deviations [10,59].

The challenge is to discover and represent structures that explain the relationship
among activity variability, low deviations, and role dynamics. Current process mining
techniques detect anomalies but do not explain why they occur [7,20]. This study
adopts a causal perspective integrating operational variables oy(e) to explain A(e) and
Aty (o), employing causal discovery/estimation frameworks [[7,14,41,42]. The resulting
framework estimates causal effects and their heterogeneity by variant [v] [19], guiding
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Chapter 1. Introduction

interventions. Without such a framework, decisions remain based on correlations and
expert judgment [5,41],42].

1.3 General Objectives

The general objective of this doctoral thesis is to develop and validate a methodology
that combines process mining, causal inference, and causal discovery. Its purpose is
to identify and explain the causes of temporal deviations in business processes and to
optimize role dynamics.

The proposed methodology should provide interpretability, understood as the iden-
tification and quantification of causal relationships, and explainability, understood as
the ability to answer "why” and "what-if” questions. Thus, this research aims to con-
tribute to the emerging field of causal process mining and generate practical guidelines
for evidence-based management.

1.3.1 Specific Objectives

1. Design a Theoretical Model that integrates process mining, causal inference, and
causal discovery. This model should identify and quantify causal relationships be-
tween temporal deviations and role interactions in business processes, ensuring that
results are interpretable by subject-matter experts.

Description: This objective will focus on creating a conceptual framework that inte-
grates these techniques to address temporal deviations and role dynamics in business
processes.

2. Implement a Prototype that applies the theoretical model in a real business en-
vironment, evaluating its ability to provide interpretability and explainability for
temporal deviations and optimize role dynamics.

Description: This objective will focus on the development and testing of a functional
system that uses the concepts of the theoretical model in a specific case study,
collecting data and applying the proposed techniques to validate its effectiveness.

3. Evaluate the Impact of Tactical and Operational Strategies based on the understand-
ing of causal relationships on the efficiency and effectiveness of work teams in busi-
ness processes.

Description: This objective will aim to measure and analyze how interventions based
on the new methodology affect team performance, using metrics of efficiency and
effectiveness, and adjusting the model and implementation strategies according to
the results obtained.

14



Chapter 1. Introduction

1.4 Research Questions

Based on the background and the problem statement, this doctoral thesis is guided by
the following research questions. These questions focus on three main aspects: charac-
terization of temporal deviations, construction of models with causal interpretability,
and design of interventions based on causal explanations.

1. RQ1l. To what extent do temporal deviations in process variants affect the identi-
fication and quantification of causal relationships among activities, resources, and
roles in business processes?. Description: This question addresses the challenge of
linking temporal deviations with the underlying causal structure of the process. The
goal is to detect patterns in temporal variations and establish how these influence
interactions between activities and roles. It seeks to produce robust estimates to
objectively assess the impact of deviations on the causal structure.

2. RQ2. To what extent does causal interpretability contribute to the understanding
of temporal deviations by providing quantitative representations and structured ex-
planations of process flows?”. Description: This question aims to develop models
integrating explicit causal relationships capable of explaining how temporal devia-
tions affect the duration and efficiency of activities and flows. This will enable the
assessment of deviations’ impact on process performance and the establishment of
causality-based metrics.

3. RQ3. How can interventions and improvement strategies aimed at mitigating tem-
poral deviations and optimizing role dynamics in business processes be explained in
causal terms?. Description: This question explores the use of causal explainability in
counterfactual scenarios. The objective is to develop a method to evaluate how dif-
ferent improvement actions can be explained through causal relationships and their
impacts on the temporal structure of processes and organizational efficiency. The
ultimate goal is to propose practical guidelines, grounded in causal explanations, to
support decisions regarding process redesign and management.

1.5 Thesis Structure

The remainder of the thesis is organized as follows. Chapter E establishes the theoretical
foundation and reviews the key concepts of Process Mining and Causal Reasoning.
Chapter E describes the research methodology and presents a hybrid approach that
integrates Evaluative Research with the PM? methodology. Chapter E] constitutes the
core of the thesis and presents the compendium of the seven scientific publications
aligned with the research objectives. Chapter E provides an overall discussion of the
findings and addresses the research questions. Finally, Chapter H synthesizes the main
conclusions, examines the hypothesis, and outlines directions for future work. The
appendix, placed at the end of the thesis, includes additional collaborative publications
that complement the study.

15



Chapter 2
Background

2.1 Process Mining

In the last two decades, the field of process mining has established itself as a bridge
between process science and data science, providing a formal and quantitative frame-
work to study the real execution of organizational processes. Its central objective is
to transform event logs stored in information systems into process models capable of
describing, diagnosing, and optimizing operational behavior [24,25].

2.1.1 Purpose and Scope

Unlike traditional Business Process Management (BPM) and Business Intelligence (BI)
approaches, which rely on aggregated indicators such as cycle times or utilization rates,
process mining operates at the level of individual events. This enables the reconstruc-
tion of complete activity sequences, the analysis of process variants, and the study of
both frequent and exceptional behaviors [21]. The paradigm is structured around three
main classes of techniques [26]:

e Process Discovery, which seeks to automatically build a process model from an
event log without prior information about the process structure.

o Conformance Checking, which compares a prescribed model against observed be-
havior in data to detect deviations or non-compliance.

e Enhancement, also known as process improvement, which enriches an existing
model with additional information regarding time, resources, or costs.

Among these three categories, process discovery occupies a central place. This
technique represents the first step in analysis, providing the initial model that will
serve as the basis for conformance and enhancement tasks. However, it also represents
the most complex challenge.

Process discovery must balance four fundamental quality dimensions: fitness (the
model’s ability to reproduce data), precision (avoiding overfitting), generalization (the
ability to accommodate plausible but unobserved cases), and simplicity (understand-
able, non-redundant models) [16,25]. Consequently, process discovery not only defines
the starting point for process analysis but also sets the mathematical and computa-
tional challenges that the discipline seeks to address today.

16



Chapter 2. Background

2.1.2 Foundations of Process Discovery

Process discovery algorithms form the methodological core of process mining. They
allow the automatic construction of models from event logs, transforming operational
data into formal representations capturing process logic. This section presents the
main approaches and criteria used to evaluate model quality.

2.1.2.1 Process Discovery Algorithms

The Directly-Follows Graph (DFG) is the simplest representation. It summarizes direct
precedence relationships through a function: F': A x A — N, where A is the set of
observed activities. If F(a,b) > 0 and F(b,a) = 0, an ordering is inferred; if both
values are positive, concurrency or flexibility in ordering is interpreted. The DFG can
be built quickly and scalably, but naive transitive closures based on F' tend to induce
cycles and overgeneralization, so it rarely suffices as a final model. [24]

The Alpha Miner was the first algorithm to derive Petri nets from relationships
observed in an event log. It relies on footprints distinguishing sequence (a — b),
concurrency (a || b), and exclusion (a#b), defined based on counts from F. Alpha
Miner represented the first demonstration of automatic discovery viability, although it
struggles with noise, duplicated activities, and complex loops. Its value is primarily
foundational. [24]
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Fig. 2.1: Process model in Petri net notation, obtained by applying the alpha algorithm to
an event log of the process L = [(a,b,d, e, f,g,h), {a,c,d,e, g, f, h)4].
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Chapter 2. Background

The Inductive Miner represented a decisive advance. It decomposes the log into cuts
and constructs process trees using well-defined operators: the sequence operator (—)
establishes a strict ordering between activities, exclusive choice (x) indicates that only
one branch executes per instance, concurrency (A) allows branches to occur in parallel
or any relative order, and the loop operator (O) introduces controlled repetitions of
a branch before proceeding. Translating these trees into Petri nets ensures soundness
(formal correctness) and avoids so-called "spaghetti” models, improving readability and
maintainability. [25]

2.1.2.2 Evaluation of Discovered Models

Let L be an event log and M a process model. The quality of M is evaluated across
four dimensions: fitness, precision, generalization, and simplicity.

Fitness measures the proportion of traces in L that the model can reproduce [36]:

iz a0 - o Lo € LON),

where L£(M) is the set of traces generated by M.

Precision penalizes excessive behavior allowed by M that does not appear in L. Let
Pref(L) be the set of prefixes in L. For each prefix p, let Cy/(p) be possible continuations
in M, CL(p) observed continuations in L, and w(p) a weighting function [38]:

ZpEPref(L) w(p) |CM(p) \ CL(p>| .
ZpePref(L) UJ(p) |CM(p)’

prec(L, M) =1—

Generalization assesses whether the model abstracts beyond the exact cases recorded
in the log. Using a validation subset L’

gen(L, M) = fit(L', M)

Simplicity refers to the structural parsimony of the model. In Petri nets, it can be
approximated as simp(M) = |P| + |T'| + |F|, where P is the set of places, T the
transitions, and F' the arcs [36].

2.1.2.3 Integrated Use of Metrics

These four metrics are considered in an integrated manner. The analysis is based
on the Pareto front (fit, prec, gen,simp), enabling algorithm comparison and model
selection according to objectives such as coverage, restriction, generalization capability,
or structural simplicity.
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2.1.2.4 Process Variant

A process variant corresponds to a particular trace observed in event log L, considered
as a multiset of traces, and let o = (ay,...,a,) be a trace. We denote by L(o) the
frequency of this trace and by |L| the total number of traces. The empirical proportion
of the trace is defined as p(o) = L(0)/|L|. To summarize the main behavior of the pro-
cess, we define the coverage of the top k most frequent variants as Cy, = 3=, cop, (1) P(7)-
Two cases are equivalent if they generate exactly the same trace; each equivalence class
represents a variant with multiplicity L(o) [21].

In practice, a few variants typically represent the majority of cases, often displaying
a Pareto-like pattern. However, a "variant explosion” is also common. Concurrency
generates a combinatorial increase in the number of possible traces, and loops may pro-
duce infinitely many distinct executions. Consequently, a log captures only a fraction
of the total potential behavior of the process.

Each variant can be characterized through various useful metrics. The length of
a trace is defined as |o|. The frequency of a specific activity a within a variant can
be measured as n,(0) = [{i | 0; = a }|. To globally describe the diversity of variants,
entropy is used H(L) = — >, p(o)logp(o). In performance analysis, time measures
are often conditioned on specific variants for instance, the average lead time calculated
over cases following a variant o. To manage data complexity, variant-based filtering is
typically applied. A simple method is:

filter,, (L, T) = {0 eL|L(o)> TL

retaining only those variants whose support exceeds a minimum threshold. This fil-
tering improves the clarity and readability of discovered models while preserving the
main structure of the process.

The correspondence between a log and a model M is evaluated at the trace level.
Let Tys be the set of traces allowed by M. We then define Ly = {oc € L | 0 € Ty} as
the traces fitting the model, and Lgey = {0 € L | 0 ¢ Ty} as the deviating traces. A
simple measure of fitness is the proportion |Lg|/|L|. For a more precise diagnosis of
deviations, it is common to use alignments computed for each variant.

Example.

Let A be the alphabet of activities, and L an event log understood as a multiset of
traces over A. We write L = {o7",052,...,0, "%}, where each 0; € A* is a trace and
m; € N5y is its observed multiplicity. The total size of the log is given by |L| = Zle ms.
We define a variant as a unique trace v (equivalence class defined by sequence equality).

For a trace v, its equivalence class is [v] = {o € L : 0 = v}, its absolute frequency is

given by f(v) = |[v]|, and its empirical prevalence (relative probability) by p(v) = %,
satisfying -, p(v) = 1. We denote the set of observed variants by V = {v: f(v) > 0}.

Each variant v = (aq, as, ..., as) can be associated with relevant structural descriptors.
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Specifically:
o Length: |v| = /.
¢ Direct succession:

E(v)={(a;,a;41):i=1,... . —1} C Ax A.

« Other possible descriptors include the set of distinct activities Act(v) = {a;}, the
multiset of positional jumps, loop patterns, or temporal /resource annotations if
traces are enriched.

Consider:
L= {(al,ag,a4,a5)3, (al,ag,a4,a5)2, (al,ag,ag,a4,a5)1}.
Then |L| =3+ 2+ 1 = 6 and the observed variants are:
v = (a1, az,a4,a5), Vo= (ai,as,as,as), vs=(ai,as,as,as,as),

with frequencies f(v1) =3, f(1n) =2, f(v3) = 1, and prevalences:

plr1) =2=05, p(n)=2=:~03333 p(s)=z¢~0.16067.

ol

Relevant structural descriptors in this example include |v;| = 4 with direct suc-
cession set E(v1) = {(a1,a2), (az,a4), (as,a5)}, and |v3| = 5 with direct succession set
E(v3) = {(a1,a9), (az,as3), (as,aq), (ag,as)}. The empirical distribution {p(r)} allows
computing heterogeneity measures, such as the Shannon entropy:

— > p(v)logy p(v
veVv
In the provided example, we calculate step-by-step:
— 0.5log,(0.5) =0.5-1=0.5,
— %log2<%) = %logz?) Y

— Llog,(1) = Llog, 6 ~ L - 25849625 ~ 0.4308271,

- 1.5849625 ~ 0.5283208,

W=

thus yielding A ~ 0.5 + 0.5283208 + 0.4308271 ~ 1.4591479 bits.

Finally, this formulation distinguishes clearly between the statistical dimension (fre-
quencies and empirical probabilities) and the structural dimension (length, successions,
patterns). This separation facilitates formal and applied tasks such as variant cluster-
ing, deviation detection relative to frequent variants, probabilistic modeling of traces,
and extensions incorporating timestamps or resource attributes (in which case the def-
inition of a variant extends to enriched traces, e.q., (a,t,r) tuples, and the descriptors
must be indexed accordingly).
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2.2 Causal Reasoning

Tvoical Machine
Layer Ayp_ . Typical Question Example Learning
ctivity
Tasks
L1 Associational Seeing What is? How would What does a symptom  Supervised /
P(y|z) seeing X change my tell us about the dis- Unsupervised
belief in Y7 ease? Learning
Lo Interventional Doing What if? What if I What if I take aspirin, Reinforcement
P(y|do(z),c) do X7 will my headache be Learning

cured?

L3 Counterfactual Imagining Why? What if Thad Was it the aspirin that
P(yz|x',y) acted differently? stopped my headache?

Table 2.1: The Pearl’s Causal Hierarchy. Each row represents one language, associational (L),
interventional (L), counterfactual (L3). The columns represent the features of each language. [44|

Causal reasoning does not ”"add more statistics”; rather, it changes the way ques-
tions are posed. Table serves as a conceptual map: it emphasizes that observing
(associations), intervening (actions), and imagining (counterfactuals) belong to distinct
levels and are not interchangeable. Operationally, causal reasoning follows these steps:
(2) a structural causal model (SCM) is specified, and the graph’s testable implications,
specifically d-separations, are validated using observational data at level L1; (%) based
on the graph, it is determined whether an interventional effect can be identified without
performing experiments (using criteria such as back-door, front-door, or do-calculus),
or if an experimental design is necessary for level L2; and (¢é%) level L3 is reserved
for individual attributions and explanations, recognizing that these require stronger
assumptions and structural coherence. In summary, this table helps avoid demanding
from data answers corresponding to other levels, and clearly documents the transition
from observing to intervening, and then to imagining.

2.2.1 Causal Discovery

Causal discovery seeks to reconstruct, either partially or completely, the latent causal
structure, typically a Directed Acyclic Graph (DAG) G = (V. E), from data, usually
observational, along with an explicit set of assumptions [[14,22]. Given a vector X =
(X1,...,Xq) and an iid. sample D = {X®}" the goal is to identify a graph G
whose Jomt distribution factorizes as:

d
=1I» (331 | Tpag J))

Jj=1
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and, whenever possible, orient the edges within the equivalence class of G. This proba-
bilistic interpretation is formalized through the Structural Causal Model (SCM) and the
principle of independence of mechanisms [#1-44]. According to this principle, causal
modules (the conditional distributions p(z; | pag(j)) and the error terms that gen-
erate them) are autonomous and independent from each other. This independence
justifies the search for causal relationships through regularities or invariances of these
mechanisms under changes in inputs or environments.

2.2.1.1 Assumptions in Causal Discovery

Causal discovery generally relies on several key assumptions that allow for reconstruct-
ing causal structures [14, 41]:

e Markov Property and Causal Factorization: The previously introduced Markov fac-

torization is assumed. Equivalently, in its local form, it suffices to require:
Xj AL X\ (@yomba () | Xmba()s

where mbg () is the Markov blanket of node j, comprising its parents, children, and
co-parents (spouses) of its children. This local condition is equivalent to the global

form (via d-separation) and factorization.

Faithfulness: It is assumed that all and only the observed independencies re-
flect the d-separations present in the underlying DAG. This assumption underpins
independence-based methods, such as PC, SGS, and IC.

Acyclicity and Causal Sufficiency: Typically, the underlying graph is assumed to be
a DAG (without cycles), and more strongly, that no latent confounders exist. When
these assumptions do not hold, it is recommended to use graphs like MAGs or PAGs
along with algorithms such as FCI. Marginalizing latent variables generally breaks
the DAG representation, motivating the need for these alternative models.

i.i.d. Data and Independence Tests: In practice, faithfulness is assessed via statistical
independence tests (Hy : X LY or X 1 Y | Z), controlling Type I errors through
p-values, as is standard in independence-based causal discovery [14].

Functional Assumptions for Additional Identifiability: Specific assumptions about
functional forms, such as equal error variances in linear Gaussian models, non-
Gaussianity in LiNGAM, or non-linearity in ANM, enable clearer identification of causal
directions, especially in linear non-Gaussian models (e.g., LiNGAM) and additive
noise models, as extensively discussed in recent surveys and domain-specific ap-
plications 7,14, [73].

From a conceptual standpoint, the principle of independence of mechanisms asserts

that the distributions Px and Py |x (in the causal direction) do not encode information
about each other; typically, this independence does not hold in the anti-causal direction,
generating useful asymmetries for causal discovery.
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2.2.1.2 DAG and d-Separation

A DAG G = (V| E) is a causal representation that establishes direct cause-and-effect
relationships among variables, indicated by arrows (¢ — j). This graph specifies
which dependencies vanish upon conditioning on certain sets of variables (interpreted
via d-separation), and organizes data generation into local mechanisms of the form
X; < PAj, defined by conditional distributions p(x; | xpa,). In this representation,
directed acyclic graphs encode both causal ordering and conditional independences via
the global Markov property and d-separation [14,22 41 42].

Within this framework, the concept of d-separation is crucial, a formal criterion
for determining conditional independencies in the graph. Consider a path within the
graph: an intermediate node is called a collider if it receives arrows from both directions
(— k <); otherwise, it is a non-collider node. The criterion of d-separation then states
that two sets of nodes A and B are d-separated by a set S if every path between A
and B is blocked, either because (%) it contains a non-collider node included in S, or
(4%) it contains a collider node that is neither in S nor has any descendants in S. This
condition is formally expressed as A 1L.g B | S.

Under the Markov principle for DAGs (global, local, and factorization versions), d-
separation implies conditional independence in the distribution. These three versions
are equivalent when the distribution admits a density.

1. Confounder (common cause): X < Z — Y. Graphical interpretation: Z is a non-
collider; conditioning on it blocks the only path X—Z—Y". Formally, by d-separation,

 0—0—0

Fig.2.2: Confounder: Z induces marginal dependence X I/ Y’; condition-
ing on Z blocks the path.

plr,z,y) = plz) plr|z) plylz),
——— ~—~— —— ——
local factorization source left branch right branch

plz,ylz)=plx|2)pylz) = X LY |Z

2. Mediator (chain): X — Z — Y. Graphical interpretation: Z is a non-collider;
conditioning on it blocks the flow X — Y. By d-separation, X 1o Y | Z.

(O—O—

Fig. 2.3: Mediator: the marginal dependence is explained by the path
X — Z — Y, conditioning on Z breaks it.
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plx,zy) = plx) plz]z) ply| =),
—_——— —_—— —— Y—\—
local factorization source transmitter output

plr,y|z2) = p(x)p(zjjéip(y %) =pz|2)ply|z)=XLY|Z

3. Collider (v-structure): X — Z < Y. Graphical interpretation: Z is a collider; not
conditioning keeps it blocked. By d-separation, X Ll oY and X LY | Z.

O—(—)

Fig. 2.4: Collider: without conditioning, X | Y; conditioning on Z (or
its descendants) induces dependence (“explaining away”).

plz,z,y) = p(z) ply) plz|z,y),
local factorization source 1 source 2 convergence

p(,y) =p@)ply) = X LY, plz,y]|2) ocpl@)ply)p(z|z,y) = XVY | Z

2.2.2 Causal Discovery Algorithms

To derive a Directed Acyclic Graph (DAG) from observational data, causal discovery
algorithms are employed [[7,114,115]. Three main families dominate this field: PC (condi-
tional independencies), GES (score-based search), and LiNGAM (functional form). Each
exploits a distinct signal from the joint distribution P(X), delivering either a CPDAG
(Completed Partially Directed Acyclic Graph, Markov equivalence class), a PAG ( Partial
Ancestral Graph, accounting for latent/selection variables), or a fully oriented DAG.

2.2.2.1 (PC) Constraint-Based Methods

Under Markov and faithfulness assumptions, the conditional independence (CI) pattern
determines the Markov equivalence class [[14,41]. The basic skeleton rule is:

X and Y are adjacent <= AS C V \ {X,Y} such that X L Y |S.

The PC algorithm does not examine all subsets S; it suffices to consider subsets of
neighbors of X or Y, reducing computational cost in sparse graphs [[14]. To orient
edges, if the skeleton contains X — Z — Y without an X —Y edge, and some separator
Sxy satisfies Z ¢ Sxy, a collider is identified:

X = Z+Y.
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Remaining edges are oriented using Meek’s rules (a complete set of orientation rules
preventing cycles and introducing no new independencies), yielding a CPDAG [14, 41].

In practice, the “oracle” is replaced by independence tests: partial correla-
tion/Fisher’s z-test for Gaussian data, G*/x? tests for discrete data, or HSIC/KCI for
nonlinearities. Decisions control a Type I error rate a; Fisher’s z-test is classic for
Gaussian data and widely used in constraint-based causal discovery [[7, 14].

2.2.2.2 (GES) Score-Based Methods

GES maximizes a score balancing fit and complexity. Given data D = {z(®}7_ and
local modules p(z; | Zpa,(j); 05), the BIC score is:

S(D,G) =Y

d n
j=11i=

iy | A 1 &
110gp<x§») | xégc(j); Qj) ~3 Zld1m(0j) logn
]:

log-likelihood (fit) complexity penalty

Here, dim(¢;) is the number of parameters in module j (e.g., linear-Gaussian:
Ipag(7)] + 1). Node-wise decomposability arises from causal factorization, allowing
local search [14]. GES searches equivalence classes (CPDAG) in two phases: forward
(adding edges if AS > 0) and backward (removing edges if AS > 0). In linear-Gaussian
models, score-equivalence holds (all DAGs in the same CPDAG score identically), so op-
timization naturally occurs in CPDAG-space; BIC is consistent under suitable regularity
conditions [7, 14, 41].

2.2.2.3 (LINGAM) Functional Form-Based Methods

LiNGAM assumes a linear, acyclic model with independent, non-Gaussian noises (without
latent confounders): X = B'X +N,N = (Ny,..., N;), N; independent, non-Gaussian,
diag(B) = 0 [7,15,73]. Equivalently: (I — BT)X = N, thus X = AN, with A :=
(I -B")™L

Ordering variables causally, B is strictly triangular, and A is triangular with unit di-
agonal. This structure resolves permutation/scale ambiguities inherent in Independent
Component Analysis (ICA) by tying the triangular form directly to a causal ordering.

Identifiability (conceptual): With non-Gaussian independent noises, the linear mixture
X = AN is ICA-identifiable up to permutation and scaling. Triangular structure with
unit diagonal resolves these ambiguities, yielding:

BT =1—-W, where W~ (I — BT) is 1CA-estimated "unmixing”.

This mechanism underpins the ability of LINGAM to recover a fully oriented DAG
from observational data under its functional and distributional assumptions [15].
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In bivariate cases, asymmetry is clear: if Y = a X + Ny, Ny L X, non-Gaussian, no
inverse representation X = 5Y +Nx, Nx L Y exists (except Gaussian). Hence, LiNGAM
orients X — Y purely from observational data, a property that has been exploited in
applied settings such as manufacturing and business processes [[7, [73].

Estimation (two practical paths):

1. ICA-LiINGAM: Standardize X. Apply ICA for "unmixing” W, obtaining (approz.)
independent N = W .X. Find permutation P and diagonal scaling D making D W P
unit diagonal and maximally triangular. Define:

W =DWP, B =I1-W*
Causal ordering follows the triangularity of B.

2. DirectLINGAM: Uses exogeneity criterion: x; is exogenous (no parents) if indepen-
dent of all residuals from regressing each x; onto z;. For candidate j:

G) - »  Cov(w,x;)
ry =1 — Bijzj,  Biy = W,

minimizing a dependence measure >, ; I(x;, rl(j )) (e.g., HSIC). The selected variable

is placed first in causal order; its effect is residualized, repeating until all variables

are ordered. Given causal ordering, B is estimated via triangularly restricted OLS.

2.2.3 Causal Inference

The causal graph determines who influences whom, whereas causal inference translates
this structure into measurable and explainable quantities [42]. The key step involves
converting qualitative relationships into interventional distributions, such as P(y |
do(z)), and representing these via potential outcomes Y, [41,45]. Specific estimands,
like the ATE or CATE(z), are identified from the diagram using criteria such as back-door,
front-door, or do-calculus, which allow the expression of P(y | do(z)) in observational
terms [44].

Once identified, these estimands are evaluated through statistical and machine
learning techniques. Notably, Double Machine Learning (DML) emerges as a contem-
porary method that leverages flexible predictive models without compromising causal
validity [15,49]. Consequently, estimation methods remain tied to the graph’s structure,
strengthening the connection between theory and practice.

On a deeper level, counterfactuals Y, enable answering "what-if” questions about
specific units or subpopulations, thereby completing the cycle among structure, identi-
fication, and estimation [20,143]. The final outcome is a quantitative interpretation of
the graph: each arrow corresponds to a causal effect that can be estimated and thus
explained.
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2.2.3.1 Causal Effect

The notion of causal effect is defined as a contrast between interventional distributions
of an outcome variable Y, when an explanatory variable X is fixed at different values.
Within the framework of Structural Causal Models (ScM) with Directed Acyclic Graphs
(DAG), the Average Treatment Effect (ATE) from a baseline value z( to a value z; is:

ATE(3, 40) = E[Y |do(X=x1)] — E[Y | do(X=x¢)] = E[Yz, — Ya,],

where do(-) denotes the intervention on X and Y, is the potential outcome of Y under
this intervention [45]. This formulation emphasizes that ATE compares interventional
worlds rather than simple observational associations such as E[Y | X]. Figure
(ATE). Two boxplots represent the interventional distributions P(Y | do(X=0)) and
P(Y | do(X=1)). The shift between central summaries reflects the ATE on an additive
scale, while box widths show internal variability.

do(X=1) | }7 4| i
do(X=0) | }7 _{ |

1.5 2 2.5 3 3.5 4 4.5

Fig.2.5: Interventional distributions of Y (horizontal). The difference between medians
illustrates the average causal effect (ATE).

Global averages may mask context-specific differences. If Z represents relevant
covariates (e.g., age, risk, environment), the Conditional Average Treatment Effect
(CATE) compares the same interventional worlds within each stratum Z = z [20]:

CATE(z) = E[Y |do(X=1), Z=2] — E[Y | do(X=0), Z=z] = B[V1 — Y, | Z=2],

ATE = E4|CATE(Z)].

Figure @ (CATE). Scatter plots in grayscale represent two specific strata: Z = 2z
and Z = z (black). Light points depict samples from P(Y | do(X=0),Z = z), and
dark points represent samples from P(Y | do(X=1),Z = z). Thick bars indicate inter-
ventional means, while arrows visually highlight the CATE values within each stratum.
When an appropriate set Z satisfying the back-door criterion is available, the ATE can
be identified from observational data via:

Py | do(z)) = > P(y | z,2) P(2). (2.1)
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This back-door adjustment connects the causal estimand to purely observational
quantities in a way that is robust to measured confounding under standard assump-
tions [15,49].

0 Z=zy (Low effect) o Z=z (High effect)

4 L |
o~ 3 :
2 - |
O
do(X =0) do(X=1)

Fig.2.6: Causal effect heterogeneity across strata of Z. Points represent observations under
different interventions, bars indicate interventional means, and arrows denote Conditional
Average Treatment Effects (CATE).

2.2.3.2 Double Machine Learning (DML)

After defining causal estimands, the Average Treatment Effect (ATE) and the Con-
ditional Average Treatment Effect (CATE), and establishing their identification via a
causal diagram, the subsequent step involves estimation with finite data. Typically,
identification is achieved by adjusting for a set of covariates Z that satisfies the back-
door criterion (see Eq. (@3’) Identification ensures the causal effect can be expressed
as a functional of the observed distribution @ = f(P(V),G) [45].

Estimation entails computing this functional using available data. Here, Double
Machine Learning (DML) comes into play (see Fig. @) Its goal is to produce robust
estimators when employing complex machine learning models [15].

The core idea is to construct an orthogonal score for the parameter of interest.
This score is insensitive to first-order estimation errors in the auxiliary components
of the identification formula. For the back-door criterion, these components are the
conditional outcome regressions p4(z) = E[Y | X = d, Z = z] and the propensity score
e(z) = P(X = 1| Z = z). If estimated naively, errors in fi; or é may bias the effect
estimator. DML circumvents this bias by combining them into an orthogonal score:

1-X

W:0.0) = (11(2) — jo(2)) + o (Y = ma(2)) T—e(2)

7 (Y = o(2)) =0,
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with W = (Y, X, Z) and = (po, 11,€). This score satisfies the Neyman orthog-
onality condition E[(W;60y,m0)] = 0, and small perturbations in 7 do not affect the
primary term. The DML estimator is obtained by averaging the score in the sample, with
7] computed via cross-fitting. This technique partitions the data into folds, ensuring
each prediction is out-of-sample, thus preventing overfitting from contaminating the
causal parameter [49].

[Data W= (Y, X, Z)J

Identification (back-door): / Y

P do(z)) = P z,2)P(z N A N
(y | do(@)) =3, Py | z,2)P(2) 21(2) ol 1 f0(2) ol 2 &2y
outcome \ control propensity
Score ortogonal
N (W3 0,7)
rmpiemen (Neyman)
_>

O—

ATE/CATE with
cross-fitting

Fig.2.7: Identification—estimation scheme. Left: DAG with Z enables back-door adjustment
for causal identification. Right: Double ML uses orthogonal score functions and cross-fitting
to provide robust estimation of causal effects with ML flexibility.

In the partially linear model:

Y =0 X+g(2)+e, X=my(Z)+v,

DML appears as the partialling-out procedure. First, ¥ and X are residualized using
predictions §(Z) and m(Z). Then the residuals are regressed to recover 6:

(Y- a(Z))

Orthogonality ensures that estimation errors in g or m do not bias the coefficient,
preserving the causal interpretation underpinned by the back-door criterion. To cap-
ture effect heterogeneity, DML extends to CATE. A doubly robust pseudo-outcome is
constructed:

oo _ XY =m(Z)]  (1=X)[Y-m(2)] . .
YU === - 2) + 1 (2) = fio(2).
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Then, CATE(z) = E[YP® | Z = 2] is estimated. This method follows the logic
of the conditional back-door approach, inheriting double robustness: only one of the
auxiliary models needs to be correctly specified to maintain validity.

In summary, DML does not identify causal effects; it estimates them. It begins
from an already identified expression derived via a DAG and back-door or do-calculus,
reformulates it in terms of p, and e, and estimates it using advanced machine learning
techniques [15]. Through orthogonal scores and cross-fitting, the estimator achieves
stability even in high-dimensional settings, thus adhering to the logical sequence of
causal analysis: causal diagram — identification — estimation [45].

2.2.3.3 Intervention and Counterfactual

(i) Observational  (ii) Interventional (iii) Counterfactual

Population
Exogenous variables P(U) P<U) P(U)
F Y
(Y)

st tweiors] __F ) (_F Y]
Structural functions {c
Distribution
Observable outcomes P(Yx)
Fig.2.8: Hierarchy of worlds in an SCM: the same exogenous population P(U) feeds (¢) natural mech-

anisms F inducing P(Y), (¢¢) an intervened mechanism Fx inducing P(Y;), and (¢¢¢) combinations
of modified mechanisms (F,,, F;) allowing cross-world queries such as P(Z,,,Y,).

In causal analysis, distinguishing three types of reasoning, observational, interven-
tional, and counterfactual, is critical (see Fig. R.§) [44]. Each is constructed from the
exogenous population P(U), the mechanisms generating the variables, and the resulting
distribution.

At the Observational level, data arise solely from natural mechanisms F. The
outcome is a distribution such as P(Y’). This is the realm of traditional statistics and
associative methods, as well as the starting point for identification criteria in causal
graphs.

The Interventional level involves actively modifying the system. By setting a vari-
able X := z, its mechanism is replaced by Fx. The resulting distribution is expressed
as:

P(v | do(z)) = l;[ P(vi | pa,)

=T
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This operation is equivalent to severing the links that originally determined X.
When the graph permits adjustment, this layer can be connected to observational data
through simpler expressions like the back-door criterion [42].

The Counterfactual level allows one to ask what would have happened under a
different action, conditional on what was actually observed. It reuses the same ex-
ogenous population P(U) but combines mechanisms across parallel worlds. This per-
mits writing expressions such as P(Z,,Y,;) or P(y, | e). Its calculation follows the
abduction—action—prediction scheme:

P(y: | e) = > P(y|z,u)Pu]e)

First, P(U) is updated with evidence e. Then, intervention X := x is imposed.
Finally, the outcome is propagated to yield the result [43]. In summary, P(y | do(z))
describes an intervened world, while P(y, | e) answers the "what if” question condi-
tioned on factual evidence. The figure illustrates this contrast, showing how each layer
articulates population, mechanisms, and distribution.
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Chapter 3
Methodology
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Chapter 3. Methodology

This section presents the methodological framework guiding the compendium. A
hybrid approach is adopted, where Evaluative Research (ER) [27,28] steers the process
through explicit evaluation cycles, while the PM2 methodology of process mining pro-
vides a clear operational structure: planning, extracting, discovering, analyzing, and
validating [29,80]. The goal is twofold: generating useful evidence for decision-making
and producing transferable technology for the organizational context. Figure sum-
marizes this interaction.

3.1 Approach and Principles

ER serves as the guiding thread with five essential stages: defining evaluation crite-
ria, establishing a baseline, conducting continuous evaluation, performing an impact
evaluation, and finally, dissemination. PM? provides concrete activities that opera-
tionalize each stage: planning and establishing metrics; extracting and preparing the
event log; mining and analyzing the process; validation; and assessing the effectiveness
of interventions. This combination ensures each methodological decision is anchored
in clear evaluation criteria and generates verifiable artifacts (metric plans, data maps,
discovered models, validation reports, and impact reports).

3.2 Integrated ER-PM? Flow

1. Evaluation-oriented planning (ER.1 PM2.1): Objectives, KPIs, and assumptions are
defined, setting data scope and quality criteria.

2. Baseline and data preparation (ER.2 PM2.2): A reference is created from the event
log, documenting transformations and inclusion criteria.

3. Discovery, analysis, and validation (ER.3 PM2.4-PM2.5): The process model is de-
rived, temporal deviations are analyzed, causal techniques are applied, and coher-
ence with domain knowledge and metrics is validated.

4. Intervention and impact evaluation (ER.4 PM2.6): Controlled changes (rules, se-
quences, thresholds) are implemented, measuring their effect on KPIs against the
baseline, and documenting results and limitations.

5. Dissemination and transfer (ER.5): Results are consolidated, findings communicated,
and materials prepared to facilitate adoption.

Each transition features a decision gate (D1-D4): progression occurs only if there
is sufficient data quality, metric validity, and evidence of improvement; otherwise, the
process returns to the previous step (loop ER.3).
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Chapter 4

Compendium of Publications

Overview

Within the framework of this doctoral thesis, the format of a compendium of publica-
tions has been adopted, which enables coherent integration of scientific contributions
derived from research published in international journals and conferences. This for-
mat compiles seven articles into a single body, collectively providing empirical and
methodological evidence supporting the research objectives.

Each publication addresses a specific dimension of the problem related to temporal
deviations in business processes, exploring theoretical and practical aspects of inte-
grating process mining and causal inference. Together, the articles facilitate progress
from representing causal relationships in process variants to generating counterfactual
explanations, analyzing organizational dynamics, implementing monitoring techniques
based on causal graphs, and estimating heterogeneous effects in dynamic contexts.

This compendium reflects a progressive journey from causal interpretability, the
capacity to identify and model cause-effect structures in processes, to causal explain-
ability, which provides mechanisms for justifying intervention decisions. This method-
ological and conceptual advancement directly connects to the three research questions
posed in Chapter [I, thus fulfilling the thesis’s specific objectives.

The following table displays the correspondence among publications, research ob-
jectives, and the addressed questions. This mapping clearly illustrates that the articles
do not constitute isolated efforts but complementary components of a unified doctoral
framework aimed at consolidating causal process mining as an approach to managing
temporal deviations in event flows.
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Publications

Chapter 4. Compendium of Publications

Table 4.1: Relationship Between Publications, Objectives, and Research Questions

Paper Objectives

Research Questions

Contribution

4.1

S0.1: Design a
theoretical model

RQ. 1: Identification of
causal structures in the
presence of deviations

Establishes the theoretical wvalidity of
causal discovery in process mining. Demon-
strates that variant disaggregation is a sta-
tistical prerequisite to prevent aggregation
biases (e.g., Simpson’s paradoz) in the analy-
sis of temporal deviations.

4.2

S0.2: Implement
a prototype

RQ.2: Contribution of
causal interpretability
to understanding devi-
ations

Validates the practical application of Causal
Inference for decision-making. Introduces
Counterfactual Explainability as a mech-
anism to estimate the impact of "what-if” sce-
narios prior to implementation, thereby re-
ducing managerial uncertainty.

4.3

S0.1 and S0.3:
Theoretical
model + Impact
evaluation

RQ.1 and RQ. 3:
Causal structure in
roles + Interventions

Expands the causal framework to the Or-
ganizational Perspective. Quantifies, for
the first time, how role interaction topologies
(e.g., delegation, collaboration) act as root
causes of temporal inefficiencies, enabling
structural team interventions.

4.4

S0.2: Prototype
applied to moni-
toring

RQ.2: Causal
pretability

inter-

Presents the technical architecture of the
CaProM prototype. Transforms traditional
monitoring (descriptive) into Prescriptive
Causal Monitoring, capable of distinguish-
ing between spurious correlations and true
causal anomalies at runtime

4.5

S01, S02, and
S03: Theoretical
framework, proto-
type, validation

RQ.1,RQ.2,and RQ. 3:
Causal structure, in-
terpretability, and ex-
plainability

Provides the comprehensive validation of
the proposed framework. Unifies discovery
and inference into a continuous flow and tests
its robustness on a massive industrial dataset,
quantifying the actual impact of interventions
on critical activities.

4.6

S0.3: Evaluate
impact across di-
verse scenarios

RQ.3: Causal explana-
tions in interventions

Addresses the problem of contextual variabil-
ity by estimating Heterogeneous Causal
Effects (CATE). Implements Deep Learning
(Multiview Autoencoders) to segment latent
contexts, demonstrating that identical inter-
ventions can yield opposing effects depending
on the context.

4.7

S0.1 and SO0.2:
Explanatory
model and proto-

type

RQ.2 and RQ.3:
Causal interpretability
and explainability

Formalizes the theoretical bridge between In-
terpretability (seeing the graph) and Ex-
plainability (understanding the why). Ap-
plies the do() operator to generate auditable
recommendations, closing the loop between
mathematical findings and business actions.
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Chapter 4. Compendium of Publications

4.1 Causal Graph: Interpretation of Causal Relationships in
Temporary Deviations of Business Processes

This first article positions the discussion from aggregated process mining towards a
variant-level causal reading (L; — Ly). By showing that the causal structure changes
with the mixture of variants, it establishes disaggregation as a theoretical condition for

any subsequent discovery ( , ) In doing so, it reinterprets temporal devia-

tions not only as statistical noise, but as evidence of incompatible causal structures,
and formulates this phenomenon as a structural problem that, as far as the reviewed
literature extends, has not been explored in process mining.

Publication Summary

Title: Causal Graph: Interpretation of Causal Relationships in
Temporary Deviations of Business Processes

Authors: Fernando Montoya and Hernan Astudillo

Conference: 49th Latin American Computer Conference (CLEI)

Publisher: IEEE Xplore

Year: 2023

Doi: https://doi.org/10.1109/CLEI60451.2023.10345780
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Fernando Montoya
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&
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Santiago, Chile
fernando.montoya@usm.cl

Abstract—

Process deviations can be difficult and costly to identify.
Therefore, it’s imperative for organizations to detect temporary
deviations during execution and understand their causal rela-
tionships. This enables decision-makers to implement targeted
corrective actions. This article presents a method to construct
a causal graph for the analysis of process variants, combining
techniques from process mining, unsupervised machine learning,
and causal discovery and inference. This graph is not susceptible
to Simpson’s paradox, where aggregating the feature space can
lead to incorrect interpretations of causal effects. The technique
has been initially validated with a well-known event log, namely a
loan application process taken from the BPI Challenge 2017 and
containing 16,299 records. This pilot run successfully identified
the causal variables and their direction. Wider use of this
approach will allow organizations to interpret and estimate the
causal effect of an action plan on process variants with temporary
deviations.

Index Terms—Process mining, Interpretability, Causal graphs,
Temporary business process deviations

[. INTRODUCTION

Organizations require tools that provide competitive ad-
vantages to their business processes, since industry demands
adaptability and differentiation in a dynamic and constantly
changing environment. This means that operating units must
focus strategic actions on those business processes that support
the value chain [1], where the mechanisms that respond
to the customer and industry needs are developed. In this
scenario, process managers try to execute activity flows in
orchestrated and efficient manner, within required times, but
operational realities may produce temporary deviations [2] in
process execution instances that deviate from their operational
guidelines, affecting activities planning, use and availability of
operational, technical and financial resources, etc.

The business processes literature includes approaches to
identify temporal deviations from several perspectives, but not
how to interpret and understand the underlying causal relation-
ships of these deviations. Thus, it is relevant and necessary
to have mechanisms that identify and interpret the cause-
effect relationships, supporting analysts, managers and process
leaders to interpreting the causal dynamics, and allowing the
development of focused actions that aim for adaptable and
efficient business processes.

979-8-3503-1887-6/23/$31.00 ©2023 IEEE
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Fig. 1. Characterization of temporal deviations in the business process.

Temporary deviations (TD) of business processes are in-
stances of activities execution that adopt an anomalous tem-
porary behavior that affects the performance of the process
execution. Fig. 1 exemplifies business process execution time
intervals between activities; e.g. ”"Caseap” where A and
B are activities and ¢tg-t4 is the execution time of A; the
same happens for "Casepc”, except that B has a longer
execution time to-tg, reflected in the timeline of C. This
characterization allows understanding the visualization of the
global spectrum of execution times for multiple cases [3],
exposing the temporary deviations present in each activity and
for several execution instances.

To answer questions related to the causal factors of a
time deviations, information is required on the dynamics of
the business process execution, in terms of which variables
adopt an exogenous role, and therefore may affect variables
that adopt an endogenous role. Thus, interpreting the causal
direction of the process variables allows knowing in which
order to take actions, which in turn requires answering two
questions:

e Q1 : What causal variables are found in business process

execution instances that present temporal deviations?

e Q2 : What mechanism would allow to identify and

interpret the causal dynamics?

This paper addresses the problem of detecting and inter-
preting the causal dynamics of temporal deviations in business
processes applied in causal graph mechanism, which derives



from the domain of Causal Inference [10], the combination of
techniques from process mining [4] [5] (that allows to perform
process discovery and obtain execution flow variants), and un-
supervised machine learning (particularly Gaussian mixtures
[13] to identify traces containing temporal deviations).

The remainder of this paper is structured as follows: Sec-
tion II introduces some preliminary definitions; Section III
briefly surveys related work; Section IV explains the proposed
technique; Section V presents a case study; and Section VI
summarizes and concludes.

II. SOME PRELIMINARY DEFINITIONS

This section defines some terms for use along the paper.

Def.l1 (Event Log) Let W = {ai,...,a,} be a set
of activities and 0 a trace € W, as a sequence
of execution of activities (ai,...,an); and let
P(p) ={0,{a1},.,{an}, ., {a1,a2},..,{a1,a2,..,an}}
be the power set over ¢, i.e., the set of possible subsets
of the activities of W. An event log L is as a multi-set
of traces, of the form L € P (W*).

Def.2 (Business Process Variant) A tracking variant o is a
singular sequence of activities (aj,...a,) in which all
cases 0 € L, corresponding to the same permutation of
process activities represented by o.

Def.3 (Causality between Variables) A variable X is said to
cause another variable Y (X — Y) [11] [12], if adjusting
for all confounding factors, an intervention in X results
in a change in Y, but an intervention in Y does not
necessarily result in a change in X (X < Y'). This differs
from correlation, which is inherently symmetric, i.e., if
X correlates with Y, Y correlates with X, whereas if X
causes Y, Y may not cause X.

Def.4 (Causal Graph) A Directed Acyclic Graph (DAG)
[13] [14] that represents the causal direction between
variables (def.3) as a mechanism for interpreting an exist-
ing causal functional relationship. Fig. 2 shows a causal
structure model, where each f; containing a causal factor
("weight”) can be an arbitrary function (”in a fully non-
parametric framework”). Furthermore, ¢; represents the
unobserved disturbance (error term), that can exhibit non-
Gaussian behavior if the functional relationship between
the variables is linear. A causal graph can be obtained by
causal discovery algorithms [15].

€1

X=fi1(€1) x

Y, Y=FlX, €)

€3

Z=f(Y €5) £ y €4)

Fig. 2. Causal Graph: Directed acyclic graph

III. RELATED WORK

The identification of temporal deviations in business process
TD flows has gained significance in the field of process
mining. This emerges as a critical opportunity for the imple-
mentation of enhancements. Yet, research has predominantly
focused on the task of detecting these deviations, leaving a
void in pinpointing the underlying causal relationships that
lead to such deviations.

The following addresses two primary domains identified in
the literature: one focusing on the identification of temporal
deviations and another centered on discerning the causes in
business processes.

A. Detecting temporal deviations and selecting process flows
as input data

Rogge-Solti et al. [7] propose a Bayesian methodology that
originates from a process model expressed in Petri net nota-
tion. In this context, the execution flows undergo a filtration
process, resulting in the removal of activity relationships that
exhibit weak temporal dependencies. This procedure culmi-
nates in a condensed business process model, serving as the
foundation for identifying deviations through the utilization of
a logarithmic probability function.

Zhao et al. [18] and Richter et al. [8] conduct TD detection
on a granular selection of pairs of activities that could belong
to multiple process variants. In [18], temporal limits are
established by the business user, and anomalies are identified
when the temporal data falls outside the predefined acceptable
bounds. Conversely, in [8], pairs of activities are stored in a
hash data structure, and the detection task is carried out using
an extended moving average algorithm.

Sontheim et al. [9] and Richter et al. [17] collaborated
on research in which z-scoring is employed on the temporal
magnitudes of execution within the set of all process variants
(def.2), which are represented as a 1xn dimensional vector.
In the context of [17], this technique is further expanded by
incorporating clustering algorithms such as OPTICS, which
facilitates the grouping of temporal deviations (TD).

B. Causal Graph in Business Processes

Qafari et al. [19] address the discovery of an underlying
causal structure in a software company. They employ the
Greedy Fast Causal Inference (GFCI) domain-specific causal
discovery algorithm, which conducts a greedy search over a
space of potential causal relationships based on the feature
environment. This can be further enriched with prior knowl-
edge of causal relationships provided by business experts. The
approach makes strong assumptions, such as the independence
and identical distribution of the feature space, hence the con-
structed causal graphs do not presume hidden latent variables
(def.4).

Luo et al. [20] present a causal discovery algorithm aimed at
tackling flight delay issues within an airline context. They in-
troduce a framework for the automated identification of causal
links in flight guarantees based on event sequences. Notably,
their approach avoids assuming causal sufficiency, indicating



that not all potential shared causes among variables in the
model have been observed. This consideration has implications
for the arrangement of the causal graph configuration.

Van Houdt et al. [21] similarly propose a technique based
on causality theory, employing probabilistic temporal logic
to measure cause-effect relationships by considering only the
temporal behavior of the activities in the event log (def.1),
omitting the feature space that may reveal causal relationships
that allow decisions to be made about a set of variables.

IV. PROPOSED TECHNIQUE - CGTD

In this paper, we address the causal relationships of TD
using CGTD (causal graphs of temporal deviations in business
process traces) to achieve the feature space illustrated in Fig.3.
We direct our methodology towards selecting process variants
as per definition (def.2), analyzing each variant independently
to circumvent biases inherent to activities shared across dif-
ferent executions.

A. Obtaining a business process execution model

This stage aims to develop a model that reflects an actual
execution. For this purpose, specific process discovery tech-
niques are employed within the domain of process mining, as
described in [4] (for further details, refer to def.1). Once this
model is established, the next step is to identify and extract the
various activity flow variants. These variants, taken together,
shape and provide a comprehensive perspective of the entire
business process model.

B. Focus on process variants

Drawing upon the variations in the process, a disaggregated
selection of the feature space is carried out to prevent the
generation of causal graphs with potential biases. This paper
distinguishes itself from the works cited in III-A, where
TD events are commonly selected in an aggregated manner,
considering common causes for all process variants. Such an
approach can lead to incorrect interpretations of the context.
This phenomenon, in which aggregated data display out-
comes that contradict those of individual groups, is known
as the Simpson’s Paradox, extensively discussed in social
and political sciences. It underscores the importance of not

overlooking confounding variables and the requirement for
thorough analysis.

C. Feature space extraction of temporal deviations

Although the primary aim of this study is not to evaluate
the accuracy of TD detection techniques, the application of
Gaussian models is nonetheless recommended. This stands in
contrast to the studies referenced in III-A, which predomi-
nantly employ statistical methods (e.g., extensions of moving
averages and statistical distances). Gaussian models learn from
the feature space X = {(z;,y;)};—, and do not rely on
assumptions about TD. This obviates the need to reprocess
stages IV-A and IV-B for every new set of traces, which can
be classified as TD by the Gaussian model.

D. Obtaining a causal graph and its interpretability

In this stage, we propose the application of two domain-
specific algorithms: LINGAM [22] and PC [23], to uncover the
causal graph in the TD feature space. Fig.4 illustrates the core
concept of LINGAM concerning the linear causal relationship
between two variables. Fig.4.A displays the regression between
X and Y, whereas Fig.4.B showcases the dispersion of X
concerning the residual €. It is posited that X causes ¥ (X —
Y) if X is dependent on € and Y is not independent of e.
This condition holds if € exhibits a non-Gaussian behavior,
as evidenced by comparing the distributions of Fig.4.B and
Fig.4.D. For causal relationships that do not align with non-
Gaussian residual assumptions, it is feasible to apply the PC
algorithm [23].

The focus of this paper rests on the significance of structures
that provide insight into the causal ordering of variables. This
indicates the direction in which decisions should be made in
relation to the context. For instance, if X causally affects
Y, it implies that, in practice, actions on X will directly
impact Y. This notion is reinforced with the presence of causal
relationships of the type X — Y — Z. If the situation
X — Z + Y arises, it is understood that Z, within the
realm of causality, is deemed a collider variable. In this setting,
the business decision-making level is influenced by potential
constraints on X and Y. Broadly speaking, it is possible
to derive a topology of variables present in the temporal

* . Time of h
® T ime o _ features of the
¥ . __‘,Te_f features multiples detection of temporary devigtions Causal graph
i A imi traces  temporary deviations + features
E B o i i - X=Fi(ey)
LA Vo i Pimm -
F i ol gl i e -»> Y=flX. €3)
y i iml imi Z=fi(\ €
- } . 5.5 - fa(¥, €3)
; ¥ H I Pigm W=faY, 64,]'
3 i
4 YXWZ
business process process variant extraction of features on traces with temporary deviations interpret structure

Fig. 3. Stages to identify the characteristics of temporal deviations in business processes from which causal relationships are extracted and interpreted in a

causal graph.
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deviations of the process, allowing for the identification of
which are endogenous or exogenous within the causal context
of the scenario.

V. RESULTS

We apply the steps described in (Fig.3) on an event log that
refers to a loan application process (BPI Challenge 2017).
The process variant select in the event log is characterized
by the following activities O_C'reate O f fer, O_Created,
O_Sent(mail and online), O_Returned and O_Accepted,
contains 16,299 records. TD detection is applied on the
combination of activities as follows if {A, B, C'} are activities
in the process variant, then we will take the combination of
time magnitudes between {A, B}, {A,C} and {B,C} where
we will get vectors for multiple dimension instance 1xn which
contains all the temporal relationships of execution between
activities.

Extended normalization is applied to z-score, called modi-
fied z-score so that by using the median, it exposes the outliers
that may be hidden as a result of normalization by the mean,
thus enriching the input feature space to the Gaussian mixture
model, which has a direct bearing on the broad TD detection.
The Gaussian mixture model identifies 521 execution instances
that present temporal deviations from the selected variant,
which can be seen in (Fig.5)

A. Causal graphs as a mechanism of interpretability

In Figure 5 delineates the execution sequences intrinsic to
the flow of business processes. These sequences have been
pinpointed due to their temporal deviations and are classified
under the category "= 1”. Arbitrarily, the temporal relationship

1 https://data.4tu.nl/articles/BPI_Challenge_2017/12696884
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Fig. 5. Causal graph model

between ”(Ocreateo f fer,Ogent (mail and online))” is
chosen. In context with these activities, algorithms within the
domain of causal discovery, as referenced in source [22], are
employed. The outcome of this process is a causal graph that
reveals the underlying causal relationships.

At this point, we can answer the questions I and II:

e Q1 : The steps developed, combined with the application
of causal discovery techniques, allowed for the identifica-
tion of which variables constitute the context that shapes
the temporal deviations in the execution relationship
between activities.

e Q2 : [22] and [23] provided a causal adjacency matrix
between activities as an output set. Subsequently, this
matrix was depicted in a graph retaining the configuration
of a DAG (see II).

The initial interpretation of the causal graph can be ap-

proached from two perspectives:

1) In focusing on the causal factor between the variables,
one can discern both the direction and the underlying
causal agent. For instance, the variable Time is positively
influenced by the variable C'reditScore. This implies that
the dynamics of C'reditScore enhance the magnitude of
Time. In turn, this has an effect on MonthlyCost, which
subsequently influences O f fered Amount. This relation-
ship provides pertinent information regarding the impact
that decisions on C'reditScore have on the environment.

2) Focus on the topology of the causal network. Identify-
ing which variables play an endogenous or exogenous
role is directly related to the complexity of decision-
making. For instance,MonthlyCost is a variable ex-
hibiting endogenous behavior in the model, specifically
acting as a collider variable influenced by Time and
CreditScore. This leads to decisions that must balance
the impact on CreditScore. An added complexity is that
MonthlyCost serves as a confounding variable. That
is, irrespective of the causal impact actions taken in the
Time — MonthlyCost relationship, the true causal link
is CreditScore — MonthlyCost.



VI. CONCLUSIONS AND FUTURE WORK

The causal graphs identified in this study serve as a robust
tool for understanding the relationships between temporal
deviations in business processes. Furthermore, they provide
significant value in terms of strategic knowledge to the organi-
zation, thanks to the information recorded daily in operational
activities.

The proposed technique allowed for a topology of causal
dynamics, which can be obtained with the assistance of mul-
tiple causal discovery algorithms. This aids process managers
in developing targeted actions, as it is possible to determine
the direction of decisions concerning process variables. There
are several challenges that still need to be addressed.

This paper has focused on the sequence of activities within
the framework of traditional process mining, but it has not
delved into causal relationships in processes with an object-
centered perspective. This poses a challenge for future research
on such processes.
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Abstract—

Service owners, administrators, and business process analysts
are constantly confronted with a dynamic of operational changes
aimed at aligning business processes with the demands and
requirements of the environment. This compels them to take
actions that enable the efficient redirection of available efforts
and resources. The challenge lies in obtaining a structure of the
variables and causal relationships involved in the actual execution
of the process, enabling the evaluation and response to potential
operational scenarios while minimizing the uncertainty associated
with selecting an improvement plan for a specific business process
flow. This paper presents a method and its application for
evaluating decision-making in the context of business processes,
specifically regarding the topological direction and counterfactual
explainability of variables that have a causal effect in potential
improvement scenarios. This approach is achieved by combining
techniques derived from causal discovery and inference, as well
as process mining. The technique has been validated through a
real-world case in the Chilean financial industry, specifically in
a credit card delivery process. During this study, the underlying
causal relationships in the operational flow were successfully
identified, enabling process managers and analysts to evaluate
the causal effect of interventions (counterfactuals) and select the
most efficient and goal-aligned improvement actions. A broader
application of this approach allows organizations to justify
the estimation of the causal effect of an action plan through
counterfactual reasoning.

Index Terms—Discovery and causal inference, process mining,
explainability in business processes

[. INTRODUCTION

Keeping business processes aligned with the objectives of
an organization [1] requires conducting a constant assessment
of the operational reality. This entails that process owners
and managers must analyze various improvement actions in
response to different environmental scenarios. To efficiently
evaluate and select improvement actions in the operational
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flow, it is necessary to possess a solid understanding of the
behavior of variables involved in the process. This knowledge
enables an understanding of how these variables interrelate
and influence the performance and outcomes of the process.
The evaluation of the impact of potential decisions before
their adoption can be costly and complex. Currently, there
are process simulation mechanisms that utilize domain-specific
notations, such as BPMN [2], which enable the recreation of
a controlled reality and observe how operations flow.

non-optimal
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backlog +

Fig. 1. Characterization of non-optimal activity flow in the business
process, the temporary effect is exemplified as a bottleneck.

These mechanisms also offer the possibility to optimize
each scenario under analysis [3]; however, it is important
to note that many of these simulation mechanisms rely on
analyzing correlations between variables. This can lead to a
misinterpretation when explaining the underlying causal rela-
tionships of the process. It is crucial to involve domain experts
to ensure accurate understanding. Correlations can provide
useful information about interactions between variables, but
they do not always indicate a direct causal relationship.

A common scenario encountered in business processes
is illustrated in Fig.1, where two scenarios of irregularities



are depicted, which can arise in the variations of activity
execution. While both scenarios have a longer execution time
compared to other process flows, it is important to note that
this does not necessarily imply identical underlying causes. In
fact, there may be discrepancies in the causal topology, i.e.,
the relationships and causal directions among the variables
involved in each operational flow. These irregularities can
have a significant impact on the overall process flow and
may lead to delays, errors, or failure to meet established
objectives. Therefore, it is crucial to identify and understand
these irregularities in order to address them properly and
improve process efficiency and quality.

A. Counterfactuals and Explainability

In this context, it is paramount to have mechanisms that
facilitate the early interpretation of the analyzed scenario,
thereby enabling the explicability of the effects derived from
different decision-making processes. A valuable instrument
to accomplish this is the utilization of counterfactuals, a
fundamental concept within the realm of causal inference [5].

Fig. 2. =2 y <3 represent distributions. For each possible intervention in x,
71 is the observed effect, given that x is causal of v1 (x — 7).

When considering a running business process, questions
may arise such as: “What would have happened if we had
made a different decision at a specific point in the process?”.
The concept of counterfactuals allows us to explore that
question and understand how the outcome would have been
if we had followed an alternative path, In additional terms,
”In what manner can we develop causal explainability of
counterfactual scenarios?”.

Fig.2 depicts the causal relationship between variables y
and v, denoted as xy — . This indicates that when an
intervention is conducted on Y, an effect is observed on ~.
Within this framework, ~; corresponds to the observed effect
(factual scenario), whereas 2 and <3 represent potential out-
comes (counterfactual scenarios) resulting from hypothetical
interventions made in Y. It is crucial to note that this causal
relationship holds true only if a prior causal connection has
been identified between the variables.

The identification of causal relationships among a set of
variables can be addressed within the domain of causal dis-
covery [6], a topic that has gained relevance in recent times.
Furthermore, it has been explored as a tool for interpreting
machine learning models [7].

B. Challenge and Questions

The primary objective of this paper pertains to the task of
counterfactual explainability. In this context, the utilization
of causal graphs assumes a pivotal role as instruments for
interpreting the intrinsic causal relationships within opera-
tional workflows. To accomplish this objective, methodologi-
cal frameworks that integrate the domains of causal discovery
and inference [5], along with the field of process mining [4],
are leveraged. By employing a combined application of these
techniques, a comprehensive understanding of causal scenarios
in the context of business process flows is achieved.

The application of these techniques is validated by estimat-
ing causal effects for a series of decisions in a credit card
delivery process in a real-world financial sector environment.
The aim is to provide answers to the following questions:

e Q1 : What are the key variables that influence each sce-

nario under analysis in the credit card delivery process?

e Q2 : How are these variables related to each other, and

what are the underlying causal relationships?

e Q3 : What causal effects do certain decisions have on

the process?

The remainder of this paper is structured as follows: Sec-
tion II preliminary definitions; Section III surveys related
work; Section IV explains the proposed technique; Section
V presents a case study; and Section VI summarizes and
concludes.

II. SOME PRELIMINARY DEFINITIONS

The following are some key concepts in the domain of
causal inference and process mining:
Def.1 (Causal Effect) Causal effect can be defined as the
impact of a treatment 7' (an action or intervention applied to
a group of individuals in the study) by comparing the outcomes
of different treatment values on a population. A causal measure
that quantifies the average impact of a treatment or intervention
is ATE, denoted as 7 = ATE (Average Treatment Effect).

T =E[Yi(1) - Y;(0)] (1

Y:(1) and Y;(0) represent potential outcomes for each unit
i, where Y;(1) is the potential outcome if unit 7 receives
treatment 7" = 1, and Y;(0) is the potential outcome if unit ¢
does not receive treatment 1" = 0.
Def.2 (do-operator p(- | do(x))) It is a common probability
distribution that adheres to the same rules of conditioning
p(y | «) and marginalization p(z). The operator do(z) indi-
cates that we are working with an interventional distribution
rather than an observational one. We can define expectations
E as causal effects of interventions:

ElY |do(X = )] =S y-p(y | do(z)) @)

Yy

When an intervention is performed on X by setting it to a
specific value z, the conditional probability of Y, denoted as
p(Y | do(X = z)), is determined, thereby mitigating any
potential external influences or confounding factors.



Def.3 (Causal Model) A causal model has the purpose of
interpreting how a variable or a set of variables influence the
occurrence or change of another variable of interest. As a
mechanism for interpretability, a directed cyclic graph G can
be employed, denoted as follows:

n

,Xn) =[] P (X; | pag;) (3)

i=1

P(Xy,...

Where pagG; represents the parent nodes (causal) of the
variable node X; (effect) in the directed acyclic graph G
(DAG).

Def.4 (Counterfactual) Counterfactuals are hypothetical sce-
narios about a causal relationship and explain the effects of
an action. To achieve this, a method is required to interpret
the causal relationships, such as G (DAG). Let X7, X5 be an
identifiable causal relationship represented as X; — X5, we
can perform a counterfactual of the form p(Xs | do(X; = x)),
where x is a value from the hypothesis set. In general terms,
we can denote that when performing a counterfactual of
X; =2 in G, we have:

Pix,=)(X) =[] P(Xi|pagi) x Isy (X;) (4
—_——— by —_———

truncated distribution counterfactual

The distribution generated by the intervention do(X; = ) is
a truncated factorization P (X, ..., X, | do(X; = x)), where
the Indicator I, indicates that p(X;) = 1 if X; = x, otherwise
p(X;) = 0.

Def.5 (Trace Variant) A tracking variant o is a singular
sequence of activities (a1, ...a,) in which all cases § € L,
corresponding to the same permutation of process activities
represented by o.

Def.6 (Event Log) Be a set of activities W = {a;}_; and

1=

o atrace € W, as an execution of activities (a;);_,; and let
P(p)=1{0,{a1},...{an}, ., {a1,a2},...,{a1,as,..,an,}} be
the power set over ¢, i.e., the set of possible subsets of the
activities of W. An event log L is as a multi-set of traces, of
the form L € P (W*).

III. RELATED WORK

In recent years, process mining [9] has garnered increasing
interest in adapting causal inference for the identification and
understanding of cause-effect relationships, aiming to enhance
business processes . This convergence between process mining
and causal inference [8] aims to address the challenge of
understanding how activities and events in business processes
impact observed outcomes.

A. Causality, Interpretability and Explainability in Business
Processes.

In the line of combining both domains of knowledge, some
relevant works are mentioned aiming to situate causality and
its role of interpretability and explainability in the diverse
perspectives of business processes.

B. Fazzinga et al. [12] focus on the task of interpretability,
aiming to achieve a deeper understanding and clarity in

tracking low-level events in multi-process event logs II. Their
main objective is to address the challenge of the lack of
meaningfulness in the information contained within process
activities. The authors present a novel approach where they
propose an Abstract Argumentation Framework to construct a
compact representation called “cas-graph” using probability
scores. These scores are used to measure the probability
that the associated interpretation is correct. In their research
[13], they take a step further in addressing the challenge of
real-time interpretation of abstraction gaps between low-level
events. To achieve this, they utilize a combination of real
and synthetic data sets and rely on the use of graphs as the
foundation for their model. This approach enables them to
provide explanations for the validity of certain interpretations.
Furthermore, they validate their model by establishing a corre-
spondence between preferred extensions in the AAFIII-A and
valid interpretations of the trace II.

J. Adams et al. [14] focus their research on the detection
and understanding of significant changes in business processes
over time, categorized as “conceptual drifts”, through the use
of Granger causality [10] (causality for time series). Un-
like standard correlation tests, the Granger approach assesses
whether a variable can provide additional predictive informa-
tion to forecast another variable. The concept is that a variable
X “causes” another variable Y if the historical information
of X enhances the ability to predict ¥ compared to using
only the historical information of Y. For a comprehensive
understanding of conceptual drifts, they utilize causal dia-
grams as they establish a causal connection between variables,
thereby enabling the determination of causal direction. Some
models also incorporate information regarding the direction
and strength of causal relationships, thereby facilitating the
comprehension of causal influence.

Bart F. A. Hompes et al. [17] posit the importance of
identifying causal factors that have an impact on business
processes. According to their perspective, recognizing and
understanding these causal factors can be key to achieving
significant improvements in business processes. By identifying
and understanding the factors that influence the performance
and outcomes of processes, specific measures and actions can
be implemented that lead to effective and beneficial improve-
ments in terms of efficiency, quality, and overall business
performance. In their approach, the authors, as mentioned
in reference [14], utilize the Granger causality model [10]
to analyze performance and time-related data, generating a
causal factor graph that explains process performance. The
proposal applies statistical models of causality to the attributes
(Which contain performance indicators) of each activity in the
business process.

B. Interpretability and Machine Learning in Business Process
variables.

In recent studies, it has been observed that the interpretabil-
ity of process variables has been enhanced through the use
of techniques in the field of machine learning and deep
learning, specifically through the interpretation of so-called



”black box” models. This mechanism employs techniques
such as visualization of relevant features, identification of
relative variable importance, and generation of logical rules
that describe the behavior of the model. The utilization of these
interpretability techniques in the context of business processes
enables an understanding of how process variables influence
outcomes and provides greater confidence in decision-making
based on complex models.

J. Brunk et al. [16] introduce a technique called Cause-
Effect Context-Aware Dynamic Bayesian Network (CECA-
DBN), which is used for predicting business processes and
is sensitive to context. The main objective of this technique is
to characterize the cause-effect relationships in events corre-
sponding to process instances. Although the approach used in
the CECA-DBN technique is based on and shares similarities
with Bayesian networks [11], it differs in its main objective
and how it is utilized to make context-sensitive predictions
in the business process. While Bayesian networks rely on
probabilistic inference and capture complex relationships be-
tween variables, in this case, the proposal focuses on capturing
causality between events.

On the other hand, B. Wickramanayake et al. [15] focus on
enhancing the interpretability and explainability of prediction
models based on Deep Learning, which are often regarded as
”black boxes”. To address this challenge, they explore the
use of attention mechanisms in Long Short-Term Memory
(LSTM) networks. They employ the technique of prefix tracing
(”a partial sequence of events”) along with attention weights,
which indicate the features that influenced the predictions
made by the model. This combination of techniques enables
them to gain a deeper understanding of how the Deep Learning
model makes decisions and which aspects of the data are most
relevant to the predictions made in the business process. The
validation of the proposed approach is conducted using a real-
world data set that is associated with loan application records.
By utilizing real-world data, they are able to demonstrate the
effectiveness and usefulness of their approach in a practical
context.

Junya Tang et al. [18] emphasize the issues and critical
importance of identifying and analyzing process bottlenecks in
business processes. They propose an analysis approach based
on the BTMDW-Fusion K-means data clustering, which en-
ables determining temporal frequencies and assists the model
in identifying anomalies within the processes. This approach
utilizes the outcomes of data clustering to construct knowledge
graphs that are processed through hyperbolic neural network
models. These models conduct a multidimensional analysis
of the root causes of bottlenecks from a process perspective,
employing Petri nets (”a widely used process flow modeling
notation in process mining”).

C. Causal Understanding and Counterfactual Reasoning in
Business Processes.

Recently, there have been some works addressing the pursuit
of a deeper understanding of the conceptualization of causal-

ity and counterfactual reasoning in the domain of business
processes.

Mahraz Sadat et al. [19] underscore the significance of
developing comprehensive and intricate analysis alternatives
for business processes. It is proposed to apply structural equa-
tion modeling (SEM) models to the identified characteristics
in the event logs related to the business process. The main
objective is to utilize counterfactual reasoning to enhance the
explainability in the analysis of these processes. The authors’
work aims to be integrated as a plugin into the ProM process
mining tool.

Qafari et al. [20] propose an alternative method to [19]
by applying a five-step causal discovery process: () In the
initial data preprocessing stage, they generate data enrichment
by incorporating new features, such as performance and time
values; (42) They generate data tables with the enriched data,
referred to as “situation feature tables”; (1it) Transformation
techniques are applied to the created situation tables to obtain
a set of data pairs; (¢v) By utilizing the modeled data
from the sets of data pairs, they construct knowledge graphs
that systematically identify the structured causal relationships
among the process features; Lastly, they present the strengths
of the causal relationships between entities and the effects of
their interventions to identify the root causes of the process.

C. Hsieh et al. [21] design an extension of DiCE called
DiCE4EL (DiCE for Event Logs), which focuses on generating
counterfactual explanations for predicting the next event in
a process. DICE4EL is specifically developed to address the
analysis of event logs, which contain sequential information
about past activities in the process. The work developed is
based on the application of existing counterfactual algorithms
in the Explainability of Artificial Intelligence (XAI) literature.

IV. PROPOSED TECHNIQUE

The proposal encompasses a methodical approach that is
divided into four essential phases, as characterized in Fig.3.
Firstly, it focuses on activities related to the field of Process
Mining and encompasses two key stages in its implementation:
event logging and identification of business process models.

A. Business Process Event Log

TABLE 1
EVENT LOG EXTRACT
Case Id | Activity | Time-span | Feature; Feature,,
case 1 A 10.3 ms feat.q feat.o
case 1 B 45.2 ms feat.o feat.3
case 1 C 62.5 ms feat.4 feat.g
case 2 A 72.4 ms feat.5 feat.3
case 2 E 43.8 ms feat.q feat.o

As an initial step, it becomes essential to obtain the com-
prehensive record of all activities carried out throughout the
operational flow. These records must essentially encompass
the variables that constitute the pattern of linkage between
the different activities, as detailed in the table 1. This pursuit



business process activities : H = D
A
L\
: Y
nlo olo olo 'lr
11001 11001 11001 c . features :l'
3 H EEEE B
- @ - u =
) [ N | H B
-’ {XYWMSRZ}
event log select irregular trace and feature extraction
A B
Fig. 3.

level of decision .
potential outcome ]
[ t Intervention
AT - =, do(Z=z,
I” R . \‘\ Pl R \‘\ rz )
{' - \‘\ :t z \‘J
] ) " * ] I
r ' Y kY L * A
{ i 3 \ ! i X 5
i Yoo P (R
1 I M H i T H
VoW Sy \w i "\
v " # '] v " ]
LY . s ¥ LY (Y ]

1Y ’ LY R + .

Y A *, ,+ omit causal
*‘\_. J’ *‘\ 'H’ x — z
factual scenario counterfactual scenario

causal discovery - Dag causal inference
C D

The illustration of the proposed technique consists of four stages: in (A) and (B), emphasis is placed on the use of process mining techniques as an

exploratory mechanism for identifying the operational reality; in (C), causal relationships among the variables of the business scenario of interest are
identified; and finally, in (D), various improvement actions are evaluated and explained, conducting counterfactual analysis on the DAG II.

aims at achieving a thorough and precise understanding of
the development of all actions undertaken within the pertinent
process.

The event log I II, within the context of process mining,
as shown in Fig.3, step A, is defined as a chronological
and well-structured record encompassing all relevant activities
and events that occur during the process’s execution. Each
entry in the log comprises comprehensive details regarding
the executed activity, its initiation and completion times,
and, occasionally, supplementary attributes associated with
each event. The utilization of the ”Case Id” field allows
for precise monitoring of process execution, given that each
activity is recorded with its corresponding identifier (7Trace II).
Consequently, this facilitates the analysis of action sequences,
execution durations, and the detection of potential bottlenecks
or irregularities.

The acquisition of an event log may vary depending on the
context and the type of system or process under analysis. Many
organizations automatically record activities in their enterprise
systems, these systems encompass Customer Relationship
Management (CRM), Supply Chain Management (SCM), and
various other types of systems, which maintain event logs for
operational and analytical purposes.

B. Discovery of the Business Process Model

The purpose of this stage is to obtain a comprehensive
understanding of the operational reality, which, on certain
occasions, may diverge from the managers’ understanding and
not align with the organization’s established objectives. To
achieve this, an analysis of event logs II is conducted to
identify patterns, workflow streams, trends, and particularly
bottlenecks within the business process, as illustrated in Fig.3,
step B. This analysis is carried out through process model
discovery techniques using process mining, an analytical ap-
proach that employs data mining techniques and algorithms to
extract valuable information from event data.

Based on the event log II, a variety of algorithms are
explored for process discovery [22]. These algorithms are
evaluated in terms of their relevance regarding the level of
conformity of each trace o II, which is represented through
tokens throughout the process model M. A token can be
defined as an abstract symbol representing a unit of work
or activity within a specific process. These tokens play a
crucial role in monitoring and documenting the progress of
a particular process instance as it moves through its various

— + —

stages or activities.
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For a process model M, the fitness f level of a trace o
5 can be assessed by considering four pertinent variables: ()
p, which indicates the number of tokens produced; (i%) c,
representing the number of tokens consumed; (#i¢) m, denot-
ing the number of missing tokens; and (4v) r, corresponding
to the number of remaining tokens. Consequently, the fitness
measure for trace o can be formulated as a function involving
these variables.

1 1
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C. Causal Discovery

In this stage, two approaches for causal discovery are pro-
posed [23]. The main purpose is to obtain the Directed Acyclic
Graph G, as illustrated in Fig.3, step C, which serves as a
source of causal knowledge among the variables corresponding
to the analysis scenario of the process model obtained in Step
B. This will allow understanding the direction, depth, and
complexity of the variables under hypothetical scenarios of
improvement (in this case, counterfactuals).

In this point, two approaches to causal discovery are pro-
posed. (¢) Firstly, functional causal models are employed,
which rely on knowledge about the functional forms and
characteristics of distributions governing relationships between
variables. These models use the so-called Additive Noise
Model and accurately identify causal directions within a




specific dataset. An example of an algorithm belonging to
this family is Direct Linear Non-Gaussian Acyclic Model
DirectLiNGAM [24]. (¢z) Secondly, we find constraint-based
models, also known as independence-based approaches. These
models aim to unravel the causal structure of the data by
exploiting independence between three elementary graphical
models. A representative algorithm of this family is PC
[25]. This method begins with a graph containing edges
between all variables, forming a fully connected network. Sub-
sequently, edges representing relationships of unconditional
independence between variables are eliminated. Furthermore,
iterations are performed over all possible pairs of remaining
variables, and edges that are not necessary under certain
conditional associativity conditions are removed.

D. Counterfactual Explainability

This stage is only possible if we have the identification
of the causal relationship and its interpretation through the
mechanism of a DAG G, in which explainability can be
developed mainly for relationships as illustrated in Fig.4
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Fig. 4. (a) Is the causal relationship with their respective additive noises
e;, according to DirectLINGAM [24], and (B) is the scenario of interest to
provide counterfactual explainability.

In the context of the business process, the causal relation-
ships among variables provide insights into the direction and
extent of potential decision-making. Specifically, X, from the
standpoint of causal inference, functions as a confounding
variable: a supplementary factor that can influence both the
independent variable (cause) X5 and the dependent variable
(effect) X3. Therefore, X; must be properly controlled, as
it can create a spurious association between the cause and
the effect, leading to erroneous conclusions about the causal
relationship between them.

The Step D in Fig.3 illustrates a systematic and controlled
approach to developing the contractual scenario. For instance,
let us assume that the variable X3 is of particular interest
for implementing an improvement action within the business
context. Essentially, the aim is to explore the effects of
intervening in variable X5 with the purpose of achieving
an outcome aligned with the business requirements in Xs.
This intervention is described by the conditional distribution
p(X3 | do(Xa = z)).

To ensure the validity of the causal analysis, it is imperative
to maintain the stability of the causal graph in all its con-
nections, except for the causal dependencies (parent nodes)

that influence the variable under intervention, in this case,
X,. This precaution ensures the accuracy and reliability of
the inferences. Fig.4.b provides a visual representation of this
process, demonstrating the exclusion of the parent nodes when
conducting the intervention.

V. RESULTS

With the purpose of applying and validating the proposed
technique IV, a set of authentic data from the industry has
been employed. This dataset describes various activities and
the operational reality related to the conception, adaptation,
and distribution process of payment media cards. It is relevant
to highlight that the company responsible for the management
and production of these cards has a nationwide scope and is
primarily dedicated to meeting the demands of banking insti-
tutions and the retail sector. In order to ensure confidentiality,
the identity of this company has been preserved in the current
analysis.

A. Event Log exploration and Process Model Discovery

The analyzed Event Log comprises a total of 18 activities
and 128,544 process instances (number of cards), correspond-
ing to 2,088,347 events and 4 process variants.

TABLE II
BUSINESS PROCESS ACTIVITIES

Activities

Exploitation, Embossing Legal Documentation Printing

Legal Documentation Printing, Plastic Legal Embossing
Documentary-Type Printing, Documentary-Type Embossing
Compiling Reception, Assembly of Packages, Kits/Sets Laminating
Kits/Sets Vault, Vault Requests, Reception Classification

Kit Delivery Classification, Payroll Classification

Distribution to Customers, Kit Control, Kit Delivery Classification
Kit Control

Furthermore, la Fig.5 presents a perspective of the times
at which bottlenecks occur, such as the execution times and
waiting times between activities. The boxes indicating the
duration of each process activity take on a lighter shade
to signify shorter durations, while the darker boxes indicate
longer durations. This representation resembles a calorimetric
scale, where higher values are depicted in red and lower values
in fainter tones.

The perspective on execution times presented in Fig.5 is
based on the use of the median as a measure of central
tendency. The choice of the median as a statistic is justified
because this measure tends to more accurately highlight points
in the process that experience greater slowness. Additionally,
the median is characterized by its robustness to atypical values,
making it a suitable option for mitigating the impact of
extreme observations in the analysis of execution times.

The foregoing (z) indicates that activities related to col-
lating and printing exhibit significantly high execution time
intervals. For instance, the activity of “Documentary-type
Printing” has a median execution time of 2 hours per unit of
Card Kit. Additionally, this activity presents non-established
variations in the process execution standard, resulting in delays
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in the elaboration of Card Kits. (¢¢) It is at this juncture where
activities that consume the most execution time throughout
the process stand out, specifically those related to ”Vault” and
”Classification”. Activities such as ”Vault Requests” and "Kit
Delivery Classification” reach median execution times of 3
hours.

B. Selection of the Scenario of interest by the Business.

According to the experience of process managers and ana-
lysts, it is of utmost importance to address the causal analysis
present in the scenario of Fiq.5, scenario A. This is because
printing activities involve both manual and automated tasks.
However, the implementation of resources in these areas has
led to the development of flow variations among activities that
are not visible in the operational reality for the managers. The
present analysis focuses on the link between the tasks known
as "Legal Documentation Printing” and ”Assembly of Pack-
ages.” This sequence of activities is associated with the return
of kits in process that exhibit non-validated attributes. Despite
the familiarity with these scenarios, the process stakeholders
seek a comprehensive understanding of the causal relationships
that manifest in the "Legal Documentation Printing” activity.
Specifically, they aim to discern the underlying reasons for
the waiting time between both activities, while excluding the
possibility that such delays originate from the ”Assembly of
Packages” task. This justification arises from the absence of
temporal constraints concerning the input of work instances
into the said activity.

C. Causal Model based on the variables of the Scenario of
Interest.

Considering the peculiarity of the industry in which the
company is situated and the business process focused on
in this paper, characterized by its marked competitiveness,
the company has managed to forge a significant competitive
advantage over its competitors over time. In order to safeguard
the identity of this entity, only the scope of the variables
deemed relevant for the task of causal discovery is mentioned.

The variables involved in the analysis have scope within
the domain of role utilization R; (users with defined tasks
in the process), use of inputs and materials M;, production
quantities @);, and T; times associated with manual procedures.
We begin by identifying the causal relationships. The general
idea behind DirectLiNGAM is as follows: we assume that we
have variables with additive noise, and the noise is independent
of the cause, i.e., Y = f(X;) +€and X; 1L €.

Hence, this condition is fulfilled when evaluating the vari-
ables Ry and R as causal factors for 77, resulting in a causal
relationship with 7T35.

A preliminary review of the identified DAGs indicates the
existence of a causal relationship between the materials M;
and the procedure times within the scenario. This implies the
necessity of conducting a review and potential improvement of
the levels established by the process. Although the materials
and supplies are available, there could be a situation where

*@i: &-®

Fig. 6. Identified DAGs represent causal relationships among various
variables that have domains in diverse scopes within the activities.

alert events are not aligned with demand events, as evidenced
by the causal impact from Q2 (Fig.6.a).

D. Counterfactual explainability and its potential effects..

The following counterfactual development will be con-
ducted on an identified DAG, as mentioned in the preliminary
DAG (Fig.6a), posing the following question: What effect
would having a greater quantity of materials and inputs to
address times 7% and 75 have?
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&

Fig. 7. Counterfactual development; an intervention is performed on Mj.

Indeed, there exists a causal relationship between the vari-
ables. It is feasible to intervene in the associated timing of
these variables. The direct causal relationship between the
variables can be approached as an unbiased linear impact,
accounting for additive noise with independence between the
causal factor in Th = f(M;) + € and M; L e.
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VI. CONCLUSIONS AND FUTURE WORK

Causal graphs are a robust tool for understanding causal re-
lationships in scenarios that require identifying complex cause-
and-effect relationships in an industrial context. Additionally,
they provide a causal order topology, which exposes the level
of decisions that the manager must evaluate and the causal
impact on the process. The development of counterfactuals is
a solid tool for analyzing assumptions about observed data.

This implies taking earlier actions and evaluating possible
improvement actions more focused on the process. In this
paper, we address runtime scenarios that do not align with
process requirements, but it is also promising to address
other irregular scenarios, which can be complemented with
unsupervised learning techniques to identify various types of
anomalies.

The proposed technique in this paper is capable of providing
answers to the questions posed (Q11-B, Q21I-B, and Q3I-B)
since it was possible to identify key variables based on the
topology in the Directed Acyclic Graphs (DAGs). By con-
sidering the direction and branching of a decision regarding a
causal variable, it also allowed determining which mechanisms
are exposed for developing interventions.

The identified weaknesses are associated with the presence
of variables for which causal relationships were not identified.
The reason for this absence may vary, or it simply may not
have been possible to address it. It is important to consider
that organizations may not record all process characteristics
in their information systems, which can affect the ability
to establish complete causal relationships. Before conducting
causal analysis, it is crucial to consider this aspect to set
reasonable expectations for the managers. By understanding
the limitations of the available data and the possible unad-
dressed variables, more accurate interpretations can be made,
and erroneous conclusions can be avoided. This ensures a
more informed and effective decision-making process within
the context of causal research.

This paper stands out from related works in the field of pro-
cess mining as, to the best of our knowledge, causal functional
relationships have not been evaluated in the literature. In this
study, we address a feature space that, while outside the scope
of the process model, is important to consider. This is because
underlying causals cannot be identified from the process model
itself. Instead, the model will reflect causal effects that must
be explored in an exogenous feature space. By considering
this exogenous feature space, the study aims to understand
and analyze causal relationships that may be present but are
not directly captured by the process model. In doing so, it
broadens the focus to gain a better understanding of the causal
connections influencing the process and allows for a more
comprehensive approach in identifying and evaluating relevant
causal functional relationships. It is important to emphasize
that the inclusion of this analysis in an exogenous feature
space can significantly enrich the understanding of the studied
phenomena and contribute to a more holistic approach in the
analysis and optimization of processes.

An emerging approach in process mining is the utilization
of object-centric models, which tackle the more intricate
operational reality of processes that interact with each other
within an organization. This poses challenges in determining
causal relationships and necessitates addressing counterfactual
inference within an even more complex topology of variables.
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). In this way, it extends the organizational mining literature, which typically
describes collaboration networks, by proposing that such networks be interpreted and
used as causal mechanisms over temporal performance.
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Abstract—

In the context of software engineering, analyzing causality in
the dynamics of development teams is essential for optimizing
performance. Causality involves understanding how certain fac-
tors (organizational structures, individual interactions) directly
influence the team’s performance, allowing for the identification
and implementation of effective improvements in development
processes. Identifying and understanding the underlying causes of
heterogeneous effects in team dynamics is essential for improving
collaboration and productivity. The lack of specific methodologies
to explore these causal relationships in complex organizational
settings limits the ability of project leaders to implement effective
changes. This article describes a method that uses causal infer-
ence in organizational mining to assess software development
teams. Data are analyzed to identify interactions and causal
factors affecting role dynamics, and causal inference techniques
are employed to evaluate the effects of improvement actions. The
effectiveness of this approach was confirmed with a pilot software
development team at a Chilean payment processing company.
By employing causal organizational analysis methods, managers
were able to select more focused strategies, based on a deep
and detailed understanding of the underlying causal dynamics.
This work contributes to the field of software engineering by
introducing a structured and causal approach to analyze team
dynamics and providing project managers with tools to address
the underlying factors that hinder team effectiveness.

Index Terms—organizational mining, causal inference, soft-
ware engineering, business process mining.

[. INTRODUCTION

In the current and dynamic software development environ-
ment, marked by constant technological advances, maintaining
operational stability is a key challenge for development teams.
This stability depends not only on the tools and technologies
used but also crucially on the synergy and dynamics among
team members. It is essential to balance the participation
of each member and effectively manage the variables that
affect role interactions, allowing contributions according to
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Fig. 1. Characterization of team dynamics in software development, weighting
of roles in procedural interaction, and modeling of topological causality to
estimate heterogeneous effects.

their skills, especially during periods of significant change,
such as adjustments in project scale. The operational variables
that underpin the process have a direct impact on agility,
automation, and communication among team members [1].
Changes in these variables can arise, among other factors,
from software requirements that are incomplete, contradictory,
or prone to frequent modifications [2]. These changes in
requirements disrupt the operational dynamics, affecting both
the workflow and the coordination among team members. Such
variations require continuous adjustments, posing a significant
challenge for the evaluation and selection of strategies that
enhance both the efficiency and operational cohesion of the
team.

Faced with these challenges, there arises a need to adopt
methods that incorporate a causal perspective to thoroughly
understand the relationships between cause-and-effect vari-
ables. However, this approach encounters significant difficul-
ties in the absence of expert domain knowledge, especially
when the understanding of the operational causes within the



development team is limited, often leading to decisions biased
more toward correlations than causality [3]. Therefore, it is
crucial to deepen the understanding of the operational and
causal dynamics of the roles to ensure precise and adaptable
management, addressing the diversity of effects that may arise
from operational improvement actions.

A. Organizational Perspective

Fig.1, in Phase A, characterizes the modeling of the soft-
ware development process flow from two perspectives: orga-
nizational and causal. From the organizational perspective, it
highlights how team members interact with variables instan-
tiated by the process, such as the number of modules to be
developed for an interface or the number of functionalities
according to design or architectural requirements [4], among
others. This interaction can be analyzed through organizational
mining [6], a methodology that studies work patterns using
business records to understand how teams collaborate and
improve task allocation and management. By focusing on
creating models based on real work activities, organizational
mining helps companies organize their teams more efficiently,
ensuring that the right people work on the right tasks. This
reflects a direct integration of theory and practice in the
continuous improvement of processes in the field of software
development.

Section B describes the topology of the interaction network
among the roles in the process. From an organizational per-
spective, different instances of the development process can
generate a variety of interactions among team members. In
this context, the goal is to identify and understand topologies
such as: (z) work delegation, (¢2) subcontracting, (24¢) task
reassignment, (¢v) team collaboration, and (v) execution
of similar tasks [6][7]. Each topology develops based on
operational variables, which are defined by specific tasks.
This reflects a causal dynamic, whether planned or emergent,
that arises from interactions among team roles. This causal
relationship demonstrates how actions and decisions within
the team can lead to different outcomes depending on the
established interaction structure.

B. Causal Perspective

Section C' introduces an adjacency matrix M [8] to detail
and visualize the interactions among team members. This
matrix, structured as a two-dimensional array, assigns each
row and column to a specific role within the team, such as Ry
and R;. The elements of the matrix, algebraically represented
as w;;, indicate the presence or intensity of the interaction
between the role of row ¢ and the role of column j. A non-
zero value in w;; suggests a direct interaction between these
roles, providing managers with a clear and quantifiable view
of the work topologies.

Interconnections often contain operational variables that
support a causal structure [10] not always aligned with the
knowledge of domain experts, a structure that is crucial for
the development of effective interventions in the process.
Additionally, interventions in an operational process can have

varied effects due to covariates [12], as illustrated by the
Directed Acyclic Graph (DAG) [13] [14] in Section C. It is
essential to consider confounding variables such as Z, which
are linked to outcomes and directly affect them, to understand
the variability in the effects of interventions. Interconnections
often contain operational variables that sustain a causal struc-
ture not always aligned with the domain experts’ knowledge, a
structure that is vital to understand in order to develop process
improvement interventions.

Taking the software development process as an example,
it is crucial to understand how variables such as team col-
laboration (7") and client satisfaction (Y') are influenced by
project management practices (Z). If the influence of Z is
not considered, managers might implement improvements that
do not effectively solve issues related to collaboration or
client satisfaction, due to the unrecognized impact of these
management practices.

C. Challenge and Questions

This work focuses on identifying causal relationships be-
tween variables aimed at improving operational performance
in the interaction activities among team roles within a develop-
ment process. To this end, it proposes a novel approach that
integrates organizational mining techniques, a subdomain of
process mining [15], with causal inference methods [16].

The causal approach proposed in this work has not yet been
explored in role interactions within development teams. Exist-
ing literature has addressed team member connections through
correlational or probabilistic analysis, focusing on demo-
graphic and sociocultural variables. However, these methods
do not confirm causality between variables, thereby limiting
a deep understanding of team dynamics and their impact on
operational performance.

e Q1 : “What is the underlying causal structure in the

operational interactions among the team roles?”.
The main task to be addressed is the identification and ex-
ploration of the causal structure, aiming to understand in
which direction the variables are positioned to establish a
treatment condition (causal variable) and outcome (effect
variable). This involves determining in which direction
and space of possibilities decisions on improvement ac-
tions should be made and how these branch out within
the causal network.

e Q2 : Once the causal structure has been identified,

“which instances within the topological space are most
likely to respond favorably to improvement interven-
tions?”.
Based on historical and observational data, the main task
for this question is to conduct a counterfactual analysis
on the causal network. In this context, hypotheses can
be formulated to assess what would have happened if a
certain action had been taken.

The remainder of this paper is structured as follows: Section
II causal effect; Section III surveys related work; Section IV
proposed technique; Section V results; Section V conclusions;
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Fig. 2. The illustration reveals how the plotted line synthesizes the relationship between the study variables according to the optimal estimation of the
employed causal model, which is crucial in the analysis to uncover causal relationships. It is noted that X is causal to Y, denoted as X — Y, when the
residual € is not Gaussian and Y = f(X) + €, where X L €, as reflected in the lower graphs.

II. CAUSAL EFFECT

To determine if a variable X has a causal effect on another
variable Y (X — Y), it is crucial to confirm the existence
of a causal relationship. The discipline of causal discovery
[9], which investigates this concept, encompasses a range of
methodologies designed to reveal information about causal
mechanisms using observational data. Essentially, algorithms
in this domain aim to decode the causal framework underlying
the data generation process.

A. Causal Discovery

X and Y could be related in such a way that one causes
changes in the other, such that this relationship is expressed
through a linear function. Functional causal discovery algo-
rithms [31] focus on identifying whether there is a causal
connection governed by a specific function. Fig.2 evaluates
whether X causally affects Y in two different scenarios: the
upper graphs show residuals with a Gaussian distribution for
both Y ~ X and X ~ Y the same occurs in the lower
graphs, but in this case, the residuals follow a non-Gaussian
distribution.

The main idea of functional causal discovery algorithms is
to find a causal structure in which the exogenous variables
to the function Y = f(X) + € are independent of the noise
associated with the causal function. In terms of Fig.2, the lower
graphs reveal that under the scenario where the residuals do
not exhibit a Gaussian distribution, it can be asserted that X
has a causal relationship with Y, given that X is independent
of the noise €, meaning X 1l e.

B. Causal Inference

Once the causal structure is identified, it is possible to de-
velop inferences that explain the influence of a set of variables
on others. Estimating the causal effect 7 = E [Y (1) — Y (0)],
which measures the expected difference in outcomes between

treated and control groups, facilitates understanding of causal
hierarchy, intervention reasoning, and counterfactuals. In the
first case, we explore what would happen by intervening in a
variable; in the second, what would have occurred if a specific
action had been taken. Although they may seem similar, they
differ in their assumptions and approaches. Mechanisms that
allow for the evaluation of improvement strategies in a specific
scenario using causal reasoning.

III. RELATED WORK

According to the literature review, the application of orga-
nizational mining techniques combined with the domain of
causal inference to assess operability in development teams
has not been identified. This absence highlights a significant
opportunity to investigate innovative perspectives in the field,
especially considering that existing studies have predominantly
focused on the use of quality diagrams and probabilistic
graphs.

A. Cause-Effect Diagrams

To characterize cause-and-effect scenarios, Haneen et al.
[24], Fausto et al. [25], and Nicolli et al. [26] focus on
using cause-and-effect quality diagrams, such as the Ishikawa
diagram, to address various issues in software development.
Haneen et al. [24] analyze how risk factors like differences
in time zones, languages, and cultural practices influence the
performance of development teams. Fausto et al. [25] apply
a similar approach to identify challenges in developing new
products, highlighting how unexpected events and uncertain-
ties can impact the team. Meanwhile, Nicolli et al. [26] use
Ishikawa diagrams with probabilities to manage technical debt,
providing teams with tools to understand and control causes
and their consequences.

In relation to other factors of interest, such as requirements
evaluation, Woo et al. [27] propose an automatic cause-effect



tool as an intermediate model to simplify complex require-
ments and integrate them with two units aimed at eliminating
redundancy in the requirements.

B. Causal Networks

Prateeti et al. [28] employ graph models, such as Struc-
tural Equation Modeling (SEM), to explore the impact of
geographical and cultural challenges on the collaboration
of global software development teams, enabling a detailed
analysis of the connections between variables in complex
contexts. In a complementary approach, Laura-Diana et al.
[29] use Bayesian networks to refine effort estimations in
agile projects, focusing their analysis on how the quality of
teamwork and the characteristics of user stories, affected by
changes in requirements and team dynamics, influence project
success. Similarly, Arthur et al. [30] develop a model based on
Bayesian networks, using studies and expert advice to evaluate
and improve the quality and dynamics of teamwork in agile
projects.

These authors conclude that traditional methods, such as
structural equation modeling and radar charts are ineffective
for predicting or diagnosing quality issues in teamwork, high-
lighting the need for more sophisticated approaches.

IV. PROPOSED METHOD

The proposal encompasses a methodical approach that is
broken down into four essential phases, as shown in Fig.3.
Initially, stages A and B focus on activities related to the
field of Process Mining. Stages C' and D cover the domains
of discovery and causal inference.

A. Log events

The goal of this stage is to extract a development process
flow using process discovery techniques and organizational
mining on event logs, which can be extracted from domain
information systems, such as Azure DevOps Board. This
allows for the construction of an organizational topology, as
described in Section I-A. The event log of the process can
be characterized according to Table.l. The importance of the
event log lies in the fact that capturing the dynamics among

the roles of the development team is based on an executed
reality and is not limited to a modeled or typified reality by
the existing documentation in the organization. This allows
for the revealing of pathways between activities and events
that are not visible to managers, enabling a broader analytical
space that can have a direct causal relationship on operability.
The techniques applied in this phase belong to the domain of
process mining [22].

TABLE 1
EVENT LOG EXTRACT
Case Id | Activity | Time-span | Role; Feature,,
case 1 A 10.3 ms role.q feat.o
case 1 B 45.2 ms role.o feat.3
case 1 C 62.5 ms role.4 feat.g
case 2 A 72.4 ms role.s feat.3
case 2 E 43.8 ms role.q feat.o

The structure of Table.I describes the data necessary to
implement the proposed method. Each instance that moves
through the activity flow must have a unique Id that identifies
the events carried out at each stage, the name of the activities,
execution times, and operational variables. These elements are
crucial for recognizing the actual flow executed. Regarding the
“role” attribute, it can be identified by features such as the
“executor’s name”, “the workstation”, or another identifier,
facilitating the identification of the interaction network among
the process participants.

B. Interaction Topology

At this stage, various data are analyzed, including case
identifiers and role columns mentioned in Table.l. From this
data, an adjacency matrix is extracted, as shown in Fig.3.B,
representing the interactions among team members. Within the
context of a development process, each role performs its tasks
following a predefined activity flow. This dynamic results in
the interaction structure detailed in Section I-A.

The event log L acts as a repository of activities, represented
by sequences (a1, ..., a,), which correspond to a trace o €
L. These traces capture the progression of events, gathering
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Fig. 3. Illustration of the method proposed in this work, which integrates organizational mining and causal inference techniques within the context of

processes and interactions in development teams.




information about the interactions of different roles, with each
activity associated with specific roles such as roleq, roles, and
roles. L essentially becomes a set of interactions, intertwining
the roles and actions involved in the flow of the development
process.

where L = [(arele: prolez crolea) (groles groler) ] Tn
which a topological search of interaction can be performed,
such as the work delegation I-A. For example, by examining
the delegation of work among roles, a topology that can
be extracted from Algorithm.1, operational weaknesses can
be identified. This analysis provides information about user
interactions, allowing conclusions to be drawn regarding the
distribution of workload and key participants in the process.

Algorithm 1 work delegation

1: Let M be a square matrix of size |W|?

2: Initialize M;; < 0 for every position (i, 5)

3: for each Case id in L do

4 for each consecutive Role transition R; — R; in that
Case id do

6: end for

7: end for

wn

Let’s consider W as the set of unique users recorded in an
event log, and |W| as the cardinality of this set. Given Fig.1,
the matrix M is of size |W|?, where |W| = 3, as it contains
Ri, R, R3, and is two-dimensional to identify interactions
between roles in [W|2. In this context, we are looking for a
matrix that acts as a function f : W x W — Ny, which provides
the number of times each possible transition between users in
W has been observed in the event log.

The matrix M has dimensions [W|? and must be initialized
with zeros. As we progress through the event log L, each
time we observe a transition R; — R; in some case Id, we
increment the value at the corresponding position (¢, j) in the
matrix M.

C. Causal Graph, Treatment Variable and Covariates.

Once the working topology of base B has been identified,
the operational variables related to the Id cases connected in
the instances of the work network are extracted. Upon these
variables, causal discovery is applied, which underlies the
working topology. The main purpose of this task is to identify
the set of outcome variables (effects) that may have a causal
relationship with the treatment variables (causals). The main
task at this stage is to identify the structural functions that
represent the causal relationship. For instance, if X — Y and
Z —'Y, we aim to find the causal functions Y = f(X) + €5y
and Y = f(Z)+e€,y, enabling managers to draw inferences. In
such a case, X and Z are potential treatment variables, while
Y is the affected variable. However, if in the same structure it
holds that Z — Y, Z becomes a covariate and a confounding
variable. This variable must be taken into account in the causal
effect exerted by X on Y, as Z will influence the action of
X.

n

,X,) =[] P (X | pag;) (1)

i=1

P(Xy,...

As a mechanism for interpretability, a directed acyclic graph
G is utilized, denoted according to 1. Where pagG; represents
the parent nodes (causal) of the variable node X; (effect) in the
directed acyclic graph G (DAG). This graph can be validated
through the conditional independences among the variables
X;, known as local Markov conditions (LMC) [23]. To do
S0, it is verified within a possible space of combinations: ()
Chain, Z — X — Y (i) Fork, Z + X — Y; and (¢42)
Collider, Z — X <+ Y. If the causal structure of the variable
combinations does not satisfy these local conditions according
to the provided DAG G, then the DAG is deemed invalid and
is rejected.

D. Strategy Evaluation

In the final stage, the focus is on evaluating strategies for
future actions within the causal framework, identifying causal
flows. Actions of interest can be analyzed using counterfac-
tuals, where treatment variables are examined in relation to
parameters of interest to the management team in the domain
of causal inference.

Counterfactuals are hypothetical scenarios that explore
causal relationships and explain the effects of certain actions.
Within causal graphical models, these scenarios bear a striking
resemblance to the simulation of interventions. While the mod-
els focus on future outcomes, the analysis of counterfactuals
directs attention toward an alternative historical context.

The central question addressed is whether there is a causal
relationship between X — Y. Given the interest in the
potential outcomes of Y, it explores what would happen to Y
if X had assumed the specific value X = z. This hypothesis
is based on the counterfactual notation Y,, which represents
the hypothetical value of Y under the condition that X = x,
providing a framework for evaluating the effects of such a
change.

V. RESULTS

The following section presents the results derived from the
application of the method proposed in Section IV. This study
was conducted in a payment processing company located in
Chile, using a software factory as the case study, with the
participation of seven individuals. The collected data covers a
period of three months.

A. Event Log and Work Topology

The analyzed dataset comes from a record of events ex-
tracted from a platform oriented towards the traceability of
requirements. This platform focuses on maintenance manage-
ment with the goal of updating functionalities in accordance
with the current legal regulations in the domain of payment
methods. The record includes the participation of seven team
members and comprises 480 entries with 15 variables, col-
lected over a period of three months, covering 24 evolutionary



projects. The data encompasses a variety of development
projects focused on different platforms within the organization.

In the first phase, after applying the algorithm described
in IV-B to identify the topology of interactions among the
different roles contained in the event log, it is observed that the
“Functional Manager (Func Manager)” and the “Developer”,
highlighted in color, are essential components of this workflow.
The Developer initiates the development process, which passes
through the “Tester” until it reaches the “Internal Client”.
Meanwhile, the “Func Manager” coordinates with the Devel-
oper and communicates with the “Business Analyst”, ensuring
a constant flow of information and tasks that connect technical
development with business needs. This structure allows for
an understanding of the integration of daily activities without
prior expert knowledge, showing how each role synchronizes
with the requirements. This approach differs from previous
works as it enables the identification of the structure without
prior expert knowledge.
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Fig. 4. Structure of relationships among the various roles contained in the
event log from the execution of requirements.

For this phase of the analysis, four main variables were
focused on: (¢) the number of requirements (V1), (¢2) the time
dedicated to unit testing (Vy), (¢¢¢) coordination time (V3),
and (4v) delivery delay time (V2), as they are essential for
evaluating the efficiency and effectiveness of the development
process. The interaction between the Functional Manager and
the Developer is crucial in this context, as the variables of
coordination time and delivery delay time directly influence
the efficiency and synchronization of the requirements. The
organization is interested in the causal scenario between both
roles due to the delivery delays of the requirements. Therefore,
the goal is to identify the underlying causal scenario among the
various recorded times. The objective is to interpret the causal
direction between the variables and explain how focused
actions can effectively address this problem.

B. Causal Graph

To identify and interpret the causes of delivery delays
in requirements, functional causal models were used. These
models, which assume an additive noise model, are based
on the knowledge of the functional forms of the distributions
that govern the relationships between variables, allowing for
a precise identification of causal connections in the dataset.
A representative algorithm of this category is DirectLINGAM

[31].

V3 Va

Fig. 5. Underlying causal structure in the dynamics of the variables present
between the roles of functional manager and developer.

The discovered causal graph provides a clear view of the
relationships between variables in the requirements delivery
process. The number of requirements V; is the starting point,
directly influencing the time spent on unit testing V;. An
increase in requirements V; extends the time needed for unit
testing V; due to the higher number of test cases required.
This increase in V4 has two effects: it contributes to delays in
the delivery of requirements V5 and affects coordination time
Vs.

Coordination time V3, influenced by V}, also impacts delays
in V5. This indicates that more time spent on unit testing may
require additional coordination to resolve issues during testing.
The graph demonstrates how these variables, from the number
of requirements V; to coordination time V3 and unit testing
Vi, lead to delays in requirements delivery Vs, revealing the
complexity of the process and the multiple causal relationships
that can cause delays in the final delivery.

The robustness of this analysis lies in its ability to capture
causal information without the need for prior expert domain
knowledge, unlike related works that assume relationships that
are not necessarily causal but rather associations or correla-
tions within the domain. This has allowed for the quick and
precise identification of the relationships among key variables
that require attention to assess potential improvements. The
ability to autonomously identify these causal relationships
facilitates more informed decision-making and the implemen-
tation of focused actions to optimize the requirement delivery
process.

To refute the validity of the DAG, it was necessary to test
each of the conditional independence constraints implicit in the
graph. Since the relationships are linear causal, it is validated,
for example, that V, = (V1) + € and V; U e

The analysis of the causal graph reveals no significant vio-
lations of the Local Markov Conditions (LMC), with a p-value
of 0.50. This suggests that the proposed graph breaks fewer
“rules” than 50% of random graphs, indicating that it is likely



p-value LMC = 0.50
p-value TPa = 0.10

= viclations of LMC of permuted DAGS
1 violations of TPa of permuted DAGS
=== Violations of LMC of given DAG

=== Violations of TPa of given DAG

104 ipm

# Permutations
-]

0.0 0z 04 0.6 0.8 10
Fraction of violations

Fig. 6. Refutation of the validity of the causal graph in relation to the
delay times in requirement delivery in the interaction between the Functional
Manager and the Developer.

a good reflection of the relationships in the data. Additionally,
the p-value of 0.10 in the Triple Parentally D-Separated (TPa)
test suggests that the graph is relatively informative and
specific. This value indicates that only 10% of random graphs
are as specific as the proposed one, meaning that the graph is
quite unique and useful for understanding causal relationships.
The distribution of violations shows that most random graphs
have a fraction of LMC and TPa violations between 0.6 and
1.0. In contrast, the proposed graph has a fraction of violations
close to O for both tests, indicating that it performs better than
most random graphs. In summary, the proposed causal graph
appears to be a reasonable and quite informative model of the
causal relationships in the data. It does not significantly violate
the LMC conditions and is more specific than most random
graphs. Although it is not perfect, especially in terms of TPa,
it provides a recommended representation of the underlying
causal structure.

C. Counterfactual Analysis

Based on the delay times, two strategies were evaluated
to improve the interaction between managers and developers:
reducing the number of functional requirements per project
V1 to a range of 5 to 8. This counterfactual analysis allows
for the exploration of the potential outcomes that would have
been achieved by implementing this measure in the operational
process.

VI. CONCLUSIONS AND FUTURE WORK

The proposed method analyzes the causal relationships
between roles in development teams, integrating organizational
mining and causal inference. This enables early identification
of team dynamics and the evaluation of targeted improvement
implementations to enhance operational performance in the in-
teraction and flow of activities between the functional manager
and developer roles. The results obtained allow us to develop
answers to the questions posed in I-C:
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Fig. 7. In the counterfactual scenario conducted, the dataset is evaluated to
determine what would have happened to V2 if V1 had been controlled in
terms of the number of requirements, omitting their complexity.

A. Q1 : “What is the underlying causal structure in the
operational interactions among the team roles?”

As a result of the interaction between the roles, the identi-
fication of key variables relevant to the analyzed scenario was
facilitated. This process allowed the isolation of distributional
noise, which in turn facilitated the discovery of causal graphs
and the understanding of their functional relationships. This
is essential for formulating effective questions about possible
future scenarios and evaluating their implications.

B. Q- : Once the causal structure has been identified, “which
instances within the topological space are most likely to
respond favorably to improvement interventions?”

In response to the question, the developed counterfactual
analyses have revealed which values are more viable for
implementing improvements. For instance, we have found
that reducing the number of requirements is causally linked
to a decrease in the time spent on unit testing, which in
turn directly impacts the reduction of delivery delays. In this
context, opting to decrease the number of requirements to 8
presents a favorable and economically more viable alternative
(lower demand) compared to reducing it to 5, while achieving
a similar effect, as illustrated in Fig.7.

In this pilot test, only linear relationships were examined,
excluding elements of the operational framework and com-
plex causal relationships. It is crucial to investigate nonlinear
scenarios, considering possible automation factors. Addition-
ally, not all interactions in the process are significant due
to weak connections, which could limit the effectiveness of
the proposed method due to the insufficiency of records and
operational variables.

The application of the proposed method in this work does
not imply identifying a single causal graph for all variables in
the context. Identifying one or more graphs over the same set
of variables is because the instances of execution among the



roles have different natures, such as the type of project for the
type of client, among others.

Regarding future work, it is of interest to address operational
relationship scenarios within business areas, specifically causal
flow relationships. For example, it would be possible to
explore both internal and outsourced development areas, using
a comparative framework of causal relationships.
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Chapter 4. Compendium of Publications

4.4  Causal Learning: Monitoring Business Processes Based on
Causal Structures

Building on the previous structural and organizational results, the fourth article places
the causal model in the day-to-day operation of the process. CaProM integrates the
learned causal structure into the interventional monitoring of temporal performance
(Ly). In this way, deviations are analyzed as possible changes in the causal mechanisms
and not only as statistical anomalies ( ) Thus, the overall contribution
shifts from model formulation to its systematic use in monitoring. At the domain level,
the work broadens the process monitoring literature by incorporating a causal reading
of temporal deviations.

Publication Summary

Title: Causal Learning: Monitoring Business Processes Based on
Causal Structures

Authors: Fernando Montoya, Hernan Astudillo, Daniela Diaz and
Esteban Berrios

Special Issue: Causal Graphical Models and Their Applications

Journal: Entropy
Year: 2024
Doi: https://doi.org/10.3390/e26100867

62


https://doi.org/10.3390/e26100867

z entropy

Article

Causal Learning: Monitoring Business Processes Based on
Causal Structures

Fernando Montoya %%

check for
updates

Citation: Montoya, F.; Astudillo, H.;
Diaz, D.; Berrios, E. Causal Learning:
Monitoring Business Processes Based
on Causal Structures. Entropy 2024, 26,
867. https://doi.org/10.3390/
€26100867

Academic Editors: Luis Enrique Sucar
and David Danks

Received: 18 August 2024
Revised: 1 October 2024
Accepted: 8 October 2024
Published: 15 October 2024

Copyright: © 2024 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

, Hernan Astudillo #*©, Daniela Diaz 5 and Esteban Berrios

3

Nexus Payment Systems SpA, Santiago 8320123, Chile

Campus Casa Central, Universidad Técnica Federico Santa Marfa, Valparaiso 2390123, Chile
Fundacién Instituto Profesional Duoc UC, Santiago 8240000, Chile; es.berriosp@duocuc.cl
Instituto de Tecnologia para la Innovacién en Salud y Bienestar, Universidad Andres Bello,
Vifa del Mar 2530958, Chile

5 IT Solution SpA, Santiago 8320000, Chile; ddiazb4@correo.uss.cl

Correspondence: fernando.montoya@usm.cl (FM.); hernan@acm.org (H.A.)

S N

Abstract: Conventional methods for process monitoring often fail to capture the causal relationships
that drive outcomes, making hard to distinguish causal anomalies from mere correlations in activity
flows. Hence, there is a need for approaches that allow causal interpretation of atypical scenarios
(anomalies), allowing to identify the influence of operational variables on these anomalies. This article
introduces (CaProM), an innovative technique based on causality techniques, applied during the
planning phase in business process environments. The technique combines two causal perspectives:
anomaly attribution and distribution change attribution. It has three stages: (1) process events are collected
and recorded, identifying flow instances; (2) causal learning of process activities, building a directed
acyclic graphs (DAGs) represent dependencies among variables; and (3) use of DAGs to monitor
the process, detecting anomalies and critical nodes. The technique was validated with a industry
dataset from the banking sector, comprising 562 activity flow plans. The study monitored causal
structures during the planning and execution stages, and allowed to identify the main factor behind
a major deviation from planned values. This work contributes to business process monitoring by
introducing a causal approach that enhances both the interpretability and explainability of anomalies. The
technique allows to understand which specific variables have caused an atypical scenario, providing
a clear view of the causal relationships within processes and ensuring greater accuracy in decision-
making. This causal analysis employs cross-sectional data, avoiding the need to average multiple time
instances and reducing potential biases, and unlike time series methods, it preserves the relationships
among variables.

Keywords: causal graph; causal attribution of anomalies; causal attribution of distributional change;
business process monitoring; business process mining

1. Introduction

The monitoring of business processes has become a critical challenge in modern man-
agement due to the dynamic environment, increasing complexity, and interconnection of
activity flows [1]. These factors demand methods that go beyond simple metric evaluations.
Traditionally, such oversight has relied on static models, predefined metrics, and compar-
isons of established execution patterns, which limit the ability to identify and understand
the true underlying causal relationships in business processes. In this context, there is a
need for an approach that facilitates not only the observation but also the interpretation
and explanation of business process behavior from a causal perspective.

Despite advances in predictive [2—4], as well as prescriptive [5,6], analysis techniques
for process monitoring, such techniques are still primarily based on patterns of correlation
or association, without delving into causal reasoning. This limits the ability to identify
the true underlying structures that govern operations. While correlation can indicate
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relationships between variables, it does not necessarily establish a cause—effect relationship.
Without a methodology that explains the implications of causal effects, the understanding
of operational dynamics remains incomplete, which can lead to biased decisions and hinder
effective problem solving. This underscores the need for a causal approach that identifies
causes and interprets their implications, improving decision making in complex business
environments. Throughout a business process flow, multiple distinct instances may arise
due to the diversity of operational objectives. This results in varied and often complex causal
relationships. Therefore, it is essential to implement advanced approaches that go beyond
traditional monitoring. These approaches must be capable of interpreting and thoroughly
explaining the variations in business processes, grounded in a solid causal structure.

The remainder of this paper is structured as follows: Section 2 formalizes the problem;
Section 3 surveys related work; Section 4 explains the proposed technique; Section 5
presents the case study; Section 6 discusses the results; and Section 7 summarizes and
concludes.

2. Context and Problem

This section formalizes the description of the research problem as one of causal rea-
soning on business processes.

2.1. Problem Description

Figure 1 illustrates a business process flow in which execution instances are repre-
sented as tokens corresponding to specific tasks defined in the planning of various projects.
In this context, organizational areas continuously monitor a series of key performance
indicators (KPIs) to manage and optimize the processes. These KPIs include compliance
with service-level agreements (SLAs); resource utilization; and other critical factors, such
as hours allocated to specific tasks, personnel assigned to essential roles, and the achieve-
ment of departmental objectives [7]. This systematic approach enables the measurement
of anomalies in the process flow, based on the defined metrics, which manifest in critical
scenarios such as those described in A and B.
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Figure 1. Characterization of causal variables in business process activities during anomalous

scenarios with respect to the effect variables exhibiting anomalies.

Interpreting and explaining the causal relationships in these scenarios presents a con-
siderable challenge, as it involves uncovering the underlying causal relationships connecting
the various events and metrics involved. Moreover, understanding the causal direction of the



Entropy 2024, 26, 867

30f18

variables that trigger these events is crucial to ensuring more precise and proactive process
management, allowing for timely adjustments in resource allocation and task planning.

Approaching this analysis from a causal perspective establishes the directed acyclic
graph (DAG) as a key tool for understanding the connections between variables [8,9],
as DAGs not only aid in identifying the causes of anomalous events but also provide a
more comprehensive understanding of the operational interactions within the process.
Nevertheless, their implementation demands a deep understanding of causal topology.
In Figure 1, the DAGs from scenarios A and B reveal different levels of complexity, where,
within the same process, the operational aspects of two distinct activities are represented by
the variables X; and Y;, respectively. Both significantly influence the overall flow, as their
interactions can determine both the stability and performance of the process, potentially
leading to anomalous scenarios in the business process flow.

2.2. Causal Reasoning in the Business Process Context

Business process monitoring not only entails supervising key indicators but also
examining how the relationships between variables influence overall performance. Under-
standing these relationships from a causal perspective is crucial for improving decision
making and optimizing operational performance. Through causal learning, it is possible
to identify how variables interact and impact the process flow, enabling early detection
and correction of anomalies. Scenarios A and B (see Figure 1) illustrate how this causal
approach can influence different activities within the same business process, given the
distinct causal topologies between variables X; and Y;.

In Scenario A, variables X, X», X3, and X, are part of a specific activity within the
process, where X directly influences X, and X3 and these two, in turn, affect X4. Applying
causal learning shows that X, and X3 are independent of each other when conditioned
on Xj, which is expressed as X, L X3 | X3; however, when conditioned on Xy, which
acts as a collider, X, and X3 become dependent. This understanding introduces important
considerations for business process decision making because if an anomaly occurs in Xy,
causal learning identifies that the potential causes lie in X, and X3. Due to the conditional
independence between these variables given Xy, it is possible to analyze each one separately
to determine which is contributing to the anomaly, facilitating more effective mitigation
by allowing interventions to be specifically directed at the problematic variable without
unnecessarily affecting other parts of the process.

On the other hand, in scenario B, corresponding to a different activity within the same
process flow, the variables Y7, Y5, and Y3 interact differently. Y, directly influences both
Y7 and Y3, and Y7 also influences Y3. This creates a causal chain where Y; affects Y3 both
directly and indirectly through Y3, indicating that all influences must be considered when
analyzing Y3. Causal learning indicates that an anomaly in Y3 could be the result of multiple
inter-related factors, requiring decision makers to account for both the direct and indirect
influences of Y, and Y;. Mitigating the anomaly, therefore, requires a comprehensive
approach addressing all the variables involved to identify and resolve the root cause of
the problem.

These scenarios highlight the importance of having previous causal insights and
mechanisms for interpreting anomalies using DAGs. Without a thorough understanding of
the causal relationships and dependency topology in business processes, decision making
can become inefficient. Implementing causal learning and developing tools that interpret
anomalies according to the causal structure allow for the identification of underlying causes
and the design of effective interventions. This approach not only facilitates the resolution
of current anomalies but also helps to prevent future incidents, ultimately improving the
overall performance of the business.

2.3. Research Questions

This work proposes a monitoring methodology based on two causal perspectives,
anomaly attribution and distributional change attribution [10,11]. This approach allows for
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identifying the contributions of each node to the observed anomalies and changes in the
system’s causal mechanisms, facilitating a deep understanding of the variations and their
underlying causes.

2.3.1. Anomaly Attribution

The purpose of these questions is to evaluate how the causal connections between
variables explain the severity of observed anomalies [10].

*  RQq: What is the causal contribution of a specific variable (e.g., X1 or Y2) to the anomaly
observed in a target variable (e.g., X4 or Y3), taking into account the entire causal graph?
The influence of variables like X; or Y; is key to understanding the origin of anomalous
deviations in the system, allowing for the identification of critical points that generate
these unexpected behaviors.

*  RQy: How do causal paths, such as X1 — Xy — Xq or Y, = Y7 — Y3, affect the severity of
the anomalies observed in X4 and Y3?
Causal paths, such as X; =+ X, = Xy or Y, — Y7 — Y3, break down the internal
dynamics of the system, revealing how intermediate interactions contribute to the
final magnitude of the observed anomaly.

2.3.2. Distributional Change Attribution

The focus of these questions is to analyze how changes in causal mechanisms and
interactions between nodes affect the observed distributions in different scenarios [11,12].

*  RQj3: When comparing two different contexts, how can we identify and quantify the changes
in the distributions of target variables (e.g., X4 or Y3), and what evidence suggests that these
differences are due to alterations in the causal mechanisms of specific variables (e.g., X1 or Y5)?
This question aims to identify which nodes experience changes in their mechanisms
and how they impact the distribution of the target variables under different conditions.

*  RQg: How do changes in causal interactions within paths X1 — X — Xy and Y, —
Y1 — Y3 impact the distributional properties of X4 and Y3?

This question examines how modifications in the causal relationships within specific
paths alter the distributions of variables X4 and Y3.

3. Related Work

Recent literature on business process monitoring has explored causal approaches to
improving efficiency and effectiveness in management. Traditionally, causal inference for
estimation of effects has largely depended on expert knowledge, which may introduce
potential limitations and biases in the analysis. However, there is a growing need to apply
causal learning techniques to enable the autonomous discovery of causal relationships.

For example, Shoush et al. [13] used algorithms such as orthogonal random forests
(OREF) to optimize resource allocation and intervention policies, leveraging historical data to
predict needs in credit origination. This approach is complemented by the work described by
Bozorgi et al. [14], which combines causal inference with reinforcement learning to enhance
treatment policies, maximizing net benefits in business processes. Both studies emphasize
the importance of accurately evaluating the effects of interventions, although they depend
on expert knowledge to define initial causal relationships.

In a similar context, Mehdiyev et al. [15] addressed uncertainty in predictive process
monitoring by integrating information systems, machine learnig, and operations research
techniques. By using quantile regression forests (QRF) and Shapley Additive Explanations
(SHAPs), they provided a deeper understanding of model uncertainties. This methodology
resonates with the findings of Wang et al. [16], who applied deep learning techniques such
as CNN and BigRu to capture dependencies in business processes, improving the prediction
of future activities. Both approaches underscore the importance of managing uncertainty
and dependencies in data to enhance intervention decisions.

Furthermore, Kotsias et al. [17] integrated deep learning techniques into Business
Process Management (BPM) through process mining. Their innovative approach combined
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predictive and prescriptive monitoring using Reinforcement Learning (RL) in the banking
sector. Methods such as LSTM and Q-learning were employed to predict future states and
optimize decisions, highlighting the Inductive Miner, a process discovery algorithm, for
its flexibility and scalability. Results showed that the RL model outperformed traditional
methods, suggesting future research in RL algorithms and deep learning for complex
business environments.

Zahra et al. [18] introduced a prescriptive approach that applies causal inference to
estimate the effects of interventions in real time, particularly in the execution of approval
request processes. This method adjusts intervention decisions based on user-defined policies
and is related to work aiming to improve accuracy in measuring causal effects, as detailed by
Pavlos Delias et al. [19]. In this context, doubly robust estimation techniques were employed
to mitigate biases and enhance the precision of effect estimates, using simulated process
execution data.

Building on the theme of improving predictive accuracy in business processes,
Jens Brunk et al. [20] focused on predicting future events by considering context, using
dynamic Bayesian networks to model cause—effect relationships. This approach, which
combines predictive analytics and machine learning, aligns with the efforts of the previously
mentioned articles in seeking to improve the accuracy of predictive process monitoring
(PPM). However, as in other studies, causality is often assumed based on expert knowledge,
which can limit the generalization of the models.

Focusing on the analysis of time series in business processes, Hompes et al. [21]
present a technique for identifying causal factors that influence process performance. Their
approach, based on Granger causality and combining domain knowledge with advanced
clustering and filtering techniques, enables the systematic analysis of event logs to generate
causal graphs that reveal underlying relationships between different process variables.
The proposed technique includes the creation of a decomposition graph and an inclusion
graph, facilitating the discovery of complex interactions between process features and
performance metrics.

In summary, there is a need to apply independent and objective causal discovery
techniques for anomaly detection in business process monitoring. This approach aims
to reduce reliance on expert knowledge and enable a comprehensive interpretation of
anomalous event causality, facilitating effective and targeted interventions.

4. Proposed Technique

This article presents CaProM, an innovative technique for business process monitoring,
focused on managing anomalies caused by noise in variables and shifts in the distribution of
causal graphs. Unlike previous approaches that rely on expert knowledge [13,14], CaProM
employs automated causal discovery [22,23], setting itself apart from time series based
approaches [21]. It involves independently monitoring causal graphs within each activity of
the process flow, providing a deeper understanding that goes beyond effect estimation by
identifying the variables that significantly contribute to anomalous events. CaProM facilitates
the determination of specific actions to address concrete events within the process.

CaProM has three stages. First, process events are collected and recorded from project
plans, reflecting flow instances that will be executed in the business process. Second, causal
learning is carried out by constructing independent directed acyclic graphs (DAGs) for
each process activity, which represent the dependencies between variables. Third and
finally, these DAGs are used to monitor the process, detecting anomalies and critical nodes,
based on techniques [10,11].

4.1. Project Event Log

CaProM’s first stage (Figure 2A) applies process mining techniques to event logs from
several projects, to capture the complete model that will be executed. This provides a more
accurate representation of operational reality, overcoming the limitations of documented
process flows that are often not strictly followed. Event logs for the projects can be sourced
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Figure 2. Stages of the proposed CaProM technique: event logging, causal learning, and monitoring
of anomalies.

For example, software development projects have critical activities proper to software
development (e.g. integration and testing), and changes in their requirements impact their
execution effort. This first stage is essential to understand the actual execution of processes
and uncover patterns and deviations that are not reflected in the official documentation.

In addition, the event log in project planning, as shown in Table 1, includes elements
such as the event identifier linked to the project, the planned activity, the timestamp
showing the allocated time for completing the activity, the responsible person, and the
associated operational variables. These logs detail each stage of the project, allowing for
precise tracking of the actual planning for its execution.

Table 1. Project event log.

Project ID  Activity gi’n;; Role; Feature;  Feature, e Feature,
Proj. A 350.2 ms role.; - feat.p .. feat.;
Pproj. B 270.2 ms role., feat.q feat., . -
proj. C 450.5 ms role.4 - feat.p . feat.,
Pproj.2 A 510.4 ms role.s feat. - .. feat.,
Pproj.2 B 350.8 ms role.q feat.; feat., . -
Proj.n A 230.4 ms role.s - feat., . feat.,
Proj.n B 130.6 ms role., feat.y - . feat.,
Proj.n C 310.2 ms - feat.; feat., e -

4.2. Causal Learning

CaProM’s second stage (Figure 2B), focuses on the causal analysis of the activities in
the process model, obtained from the event logs of multiple projects. Each activity con-
siders a set of operational variables V* = {X{,..., X7, Y},..., Y}, }. Using causal discovery
algorithms specifically designed for cross-sectional data, DAGs are constructed to represent
the causal relationships between these variables, based on simultaneous observations of
multiple instances of the activity.
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The main goal of this technique is identifying the causal graph that correctly describes
the interactions among operational variables, to allowing understanding the causal topol-
ogy and the specific interrelationships within each process activity. To this end, it employs
an algorithm based on the Linear Non-Gaussian Acyclic Model (LINGAM) that assumes
linear relationships and non-Gaussian error terms, thus enabling identification of causal
direction even in complex situations with cross-sectional data [24].

Vi = fa(6a, X{) + €Y, ey

where Y]' represents the effect variable of activity a; for process instance i; X? is the specific
causal variable; 6, denotes the global parameters; and e@i is the non-Gaussian error term.
In addition to LINGAM, other causal discovery algorithms from the following two main
families are employed: constraint-based and score-based methods.

Constraint-based algorithms, such as the Peter-Clark algorithm (PC), determine the
causal structure by conducting conditional independence tests, systematically evaluating
whether X{ 1L Y | Z for variables X{, Y, and sets of variables Z, thereby determining
the existence or absence of edges in the dependency graph (Gpc). PC starts with a fully
connected graph and removes edges based on detected conditional independencies,
resulting in a Partially Directed Acyclic Graph (CPDAG).

Score-based algorithms, such as Greedy Equivalence Search (GES), search for the
structure that maximizes a scoring function (S(G)). GES operates by performing a greedy
search in the space of causal structures, finding G* = argmaxg S(G), where G* is the
optimal graph according to the scoring function.

Figure 3 illustrates the generalized causal model derived from the causal discovery
algorithms [22,23]. This representation explicitly captures the global parameters (6,)
associated with the effect variables (Y?), as well as the error terms (e’g(i and eg’,i), allowing
LiNGAM to exploit non-Gaussianity to infer causal direction. In the same graph, the PC
and GES algorithms integrate 6, into their methodologies; PC implicitly utilizes 8, in the
conditional independence tests to determine the dependency relationships between the
effect variables (Y}'), while GES optimizes a scoring function that incorporates 6, to evaluate
and select the most suitable causal structure from the space of possible graphs.

Figure 3. Generalized causal graph illustrating the causal relationships between operational variables,
where X{ has a causal effect on Y{, situated in activity a of the business process.

The causal model for the variables involved in each business process activity can be
expressed in terms of their joint probability as follows:

P(V,6) = P(6) [ [ P(Y/IXE,60) @
i=1

where this probabilistic framework facilitates the integration of various causal discovery
algorithms to infer the causal structure and estimate the functional relationships between
the operational variables. The factorization of the joint probability reflects the structure of
the DAG obtained by the algorithms, with each variable (Y}') depending on its direct causes
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(X7) and the parameters (6,). Variables (X?) can be considered exogenous or dependent on
other variables within the causal model.

4.3. Causal Monitoring

In CaProM’s third stage, process flow monitoring is based on the previously established
DAG, to identify and examine anomalous events in the operational variables. Figure 2C
illustrates the process of comparing the variables of interest with a predetermined threshold.
When a variable exceeds the established operational limits, the analysis focuses on the
causal variables that contributed to the anomaly. To address this causal analysis, two
specific techniques are proposed, as described in the following subsections.

4.3.1. Causal Analysis of Anomalous Attributes

A causal analysis of anomalous attributes is conducted by identifying and under-
standing causal relationships among sources of atypical behavior, by evaluating the data
captured during process planning [10], as documented in project event logs (Section 4.1).
Additionally, this technique analyzes how noise present in key variables impacts the metrics
of interest, to detect unusual patterns and attribute them to specific causes.

Based on the causal graph topology shown in Figure 4, the perturbations in the
error terms (€% By ec ,and eY) are evaluated, and their effects on Y} are analyzed. Initially,
an outlier score for Y“ is established using anomaly detection models such as the difference
of means. Subsequently, the contributions of Bf, C?, and other causal nodes are quantified,
determining how variations in €, €., and €y, 1nﬂuence the probability of Y; exhibiting
anomalous values. This impact is calculated as the probability that Y} exceeds a threshold
(g(Y#)) when the values of €p, ec ,and eY are replaced with random Values it is measured

as —log P(Y]" > g(Y7) | replace €/ with random value, where the threshold g(Y?) (e.g.
difference between means) determmes whether Y} is anomalous. This logarithmic measure
provides a clear assessment of the direct impact of the perturbations.

Figure 4. Characterization of the impact of noise on the variables of Y'.

4.3.2. Causal Attribution of Distributional Changes

The causal attribution of distributional changes aims to identify how changes in
variables, such as X! = {Af,B?,C!} affect the distribution of the variable of interest
(Y/) [11,12]. In Flgure 5, the nodes on the left represent the prior data (P(Y]" | X)) obtained
from the project event logs, while the nodes on the right show the current data (P (Yl-”l | Xf/ )
collected during the current process execution of the process (see Equation (2)). This is
crucial for business process monitoring, as it allows for an understanding of how changes
in operational conditions affect key outcomes.

Unlike previous proposals [13,14,18,20], which focused on estimating causal effects
and specific interventions, CaProM analyzes variations in the variables distribution. It thus
provides a more comprehensive view of how operational environment changes influence
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the process, capturing not only direct causes but also noise and influences from previous
activities. Moreover, the approach is independent of the intervention training, allowing a
wider evaluation of operational conditions that could trigger anomalous events.
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Figure 5. Characterization of distribution change attribution in a DAG for activity a;.

The process begins with estimation of the conditional distributions of the variables
using P(Yi“ | X?), where X{ represents the set of direct causal variables that influence Y/;
These distributions reflect the planning and expectations based on previous events (project).
Next, the previous causal mechanisms (P(Y/ | X{)) are systematically replaced with the
mechanisms based on the new data (p(Yl-”, | Xz‘-’/)), which reflect the current reality of
process execution. This replacement generates new marginal distributions for Yl-“/, denoted
as P(T*n), allowing to observe how these changes affect the variable of interest.

The next step involves comparing the marginal distributions before and after the
replacement, specifically P(T1Xi}i=1) versus P(TXit U {X;}). Here, T represents the
set of nodes considered in the analysis, and {X;}” , represents the variables of interest
whose distributions are being measured. The notation U{X;} indicates the inclusion of
the distribution of X; with a set of distributions of X;, where X; is a new variable or a
modification of an existing variable, being evaluated to see how its inclusion or change
affects the distribution of the variables of interest.

This analysis helps to identify which node changes (e.g. A{, Bf or CY) are responsible
for the observed variations. Understanding the changes in the conditional distributions
(p(Yi"/ \ Xf’l)) affect Yf’/ allows to identify the underlying causes of variations in the
performance of process activities. In turn, this enables precise adjustments in operational
variables to mitigate issues and optimize system performance.

5. Results

This section presents the results obtained by applying the CaProM technique described
in Section 4, which adapts causal discovery techniques to enable causal learning in the
planning and execution stages of a business process. The findings show the efficacy of
CaProM in detecting and causally interpreting anomalies and distributional shifts during
the monitoring of the execution stage. CaProM provides insights that go beyond traditional
correlations in the analysis of business processes.

5.1. Dataset

The validation dataset includes information from 562 projects, each with specific tech-
nological and regulatory requirements for a group of banking entities. This dataset provides
a comprehensive view of the business process, allowing for the monitoring of planned activ-
ities throughout the workflow, observing them in both the planning and execution phases
(see Table 2). The stages share the same activities, although they are given different names
depending on the phase. For example, an activity labeled Preliminary Evaluation during the
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planning phase may correspond to Requirement Implementation during the execution phase,
both with the same objective of specifying and fulfilling project requirements.

Table 2. Process flow activities.

No. Planning Activities Execution Activities

1 Requirements Analysis Integrity Review

2 Preliminary Evaluation Requirements Validation

3 Functional Specification Functional Implementation
4 Technical Design Development and Integration
5 Test Design Test Execution

6 Architecture Design Architecture Validation

7 Project Approval Deliverables Approval

8 Implementation Planning Production Deployment

9 Request Closure Project Closure

Additionally, the data follow the structure described in Section 4.1 based on event
logging. Key elements include the Instance ID to identify each project, the Activity Name
specifying the actions, the Execution Times capturing the duration, the Roles assigning
responsibilities, and several operational variables.

5.2. From Project Plans to Process Map

The application of CaProM (see Figure 2B) allowed to discover the process model from
the dataset derived from project planning (Section 4.1). The flow was generated using
Apromore, a cloud-based process mining tool that employs an advanced discovery algo-
rithm based on Split Miner [25]. The analysis identified the activities and their interactions,
which are represented in Figure 6.

REQUIREMENTS
VALIDATION

14.2%

Figure 6. Process flow extracted from the project event logs using Apromore.

The resulting model provided an accurate visualization of the planning process struc-
ture. An activity that captures particular attention from managers is Test Execution due to the
complexity of project requirements and variability in required hours. This phase, referred
to as Test Design in project plans, includes testing tasks outsourced by the organization.
The variation in the duration of these externalized tasks has a significant impact on other
variables of the activity. This finding prompted the identification of causal relationships
among variables in order to interpret the effect of outsourced tasks on the activity.

5.3. Operational Variables Extracted from Test Design for Causal Monitoring in Test Execution

Table 3 presents the key operational variables monitored during the Test Execution
activity. These variables encompass various aspects of the process, such as code coverage,
number of meetings, people involved, and test cases. Note that hour-related variables,
such as testing_hours and regression_time, represent estimates of required quantities, not
actual measurements over time. These estimates are made by those responsible during the
planning phase, and are monitored throughout the test execution.
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Table 3. Variables in the Test Execution activity.
No. Variable Description
1 test_coverage Percentage of code or requirements covered by tests
2 num_meetings Hours dedicated to meetings for coordination, clarification, and scope changes
3 testing_hours Hours dedicated to testing
4 num_testers Number of people involved in testing
5 regression_time Time spent on regression testing after changes
6 complexity_level Complexity level of the requirement
7 num_test_cases Number of cases in the test plan
8 defects_found Number of defects identified during testing
9 automation_level Percentage of test cases that are automated
10 num_requirements Number of associated functional requirements

The analysis confirmed the cross-sectional nature of the data, where each observation
represents a unique instance of the process. Although the variables are recorded with a
Time Span interval based on the project log (see Table 1), multiple execution instances exist
at the same temporal point. Addressing temporality under these conditions would require
the averaging of data from different simultaneously executed instances, i.e., calculation of
an average value (X = n% Z?; 1 X7, for each instant (t), where n; is the number of instances
at time f in activity a. However, this procedure can introduce biases and the loss of crucial
information, affecting the estimation of the causal effect (P(Y; | do(X;))). Here, the notation
do(X;) represents an intervention on the variable X;, that is, evaluation an improvement
action. Averaging could mask individual variations and temporal dynamics essential for
causal discovery, hindering the identification of reliable structures.

Additionally, there is a risk of incurring in Simpson’s paradox, where trends present in
subgroups disappear or reverse when data are combined. Consequently, the cross-sectional
approach was maintained to preserve the integrity of the relationships between variables
and ensure the reliability of the results in the causal discovery methods.

5.4. Interpretability with Causal Graphs

The causal learning process shown in Figure 2B was implemented using three algo-
rithms: LINGAM, PC, and GES (Section 4.2). The application of these diverse methods
enabled an exhaustive search for possible causal structures in the dataset, exploring differ-
ent aspects of the relationships between variables.

To assess the consistency and significance of the causal relationships identified by
the algorithms, a measure based on the entropy associated with each arc (X! — Y}') was
used. After applying the algorithms to each bootstrap sample (S M,s@), ., S(’”)) yield
causal graphs (G1), G2, ..., G™)). For each identified arc (X7 — Y}), its probability was

calculated as (pxs—ys = Ly, (5%,) _,ya), Where 5;}7[_2 _ya = lif the arc X7 — Y7 is present

in the graph G(), and = 0 otherwise.
The entropy H(X{ — Y/') associated with each arc (X{ — Y/') was calculated as

- |:pX?*>yia log pxa sy + (1 — pxasye)log(1 — pxiuﬂyia)} , where pxa_,ya is a Bernoulli ran-
dom variable. A low value of H indicates that the presence or absence of the arc is consistent
across the bootstrap samples, suggesting greater reliability and significance in the inference
of that causal relationship. This approach allows to quantify the uncertainty associated
with each arc, providing a solid foundation for the interpretation of the dependencies
among the operational variables identified by the algorithms.

Analyzing the extracted DAG (see Figure 7) allows to identify several significant
causal relationships among the operational variables. The complexity level influences the
number of requirements, which affects the number of test cases which in turn determines
the necessary testing hours. Furthermore, the number of testers directly impacts the testing
hours which in turn influence the number of required meetings. These connections allow
to understand how the monitored variables interact in the test execution process, reflecting
the underlying causal structure identified through the applied algorithms.
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Figure 7. DAG extracted in the Test Design activity and monitored in the Test Execution activity.

According to the correlation heat map presented in Figure 8, which uses Spearman’s
correlation due to the nonlinearity present in some data relationships, it is observed that
not all variables in Table 3 exhibit significant correlations, although some demonstrate
direct causal relationships. For instance, between num_requirements and num_test_cases,
a moderate correlation of 0.28 is observed, despite there being a direct causal relationship
between them. Similarly, variables such as testing_hours and num_testers show a positive
correlation of 0.53, supporting their causal relationship. However, in the case of complex-
ity_level, a causal influence is identified on the number of requirements, but the correlation
is low (0.15), illustrating that a low correlation does not imply the absence of causality.
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Figure 8. Correlations of the DAG variables in the Test Execution activity.

5.5. Explainability of Anomaly Attribution through Causal Graph

At this stage, as described in Section 4.3.1, the causal graph obtained during the plan-
ning phase (see Figure 7) was monitored throughout the execution. A threshold of 3¢ (three
standard deviations) was applied to detect potential anomalies in key variables, allowing for
the identification of values that significantly deviated from expected outcomes. Variables
exceeding this threshold were flagged as anomalous events, aiding in the identification
of specific deviations during project execution. Among the cases identified using this ap-
proach are the deviations listed in Table 4. The values recorded during execution, when
compared to the distribution estimated from the planning phase (see Figure 9), revealed
significant deviations in several variables. Specifically, num_requirements (37), testing_hours
(290.9), num_test_cases (132), and num_meetings (29.52) exceeded the threshold of three
standard deviations. These anomalies, detected through the monitoring of the causal graph,
indicate that project execution deviated considerably from the original plan, likely due to
unforeseen complexities or changes in scope.

The violin plots presented in Figure 9 clearly show that these anomalous values were
situated outside the estimated distributions.
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Table 4. Anomalous values of a Test Execution requirement versus its Test Design planned value.

Variable Anomalous Values
complexity_level 2.0
num_requirements 37.0
testing_hours 290.90
num_test_cases 132.0
num_testers 6.0
num_meetings 29.52

Distribution of Test Execution Variables
{planning stage)
num_requirements testing_hours

W W
10 20 E] 100 150 200 250 300
num_test cases num_r‘neetings
W
40 60 ED w0 120 10 15 20 5 E]

Figure 9. The stars (%) represent outlier values in Test Execution variables that exceeded (30).

At this analysis stage, the anomaly attribution DAG-based algorithm (see Figure 7)
identified the causal topology for the observed value of num_meetings (Y?'). This enabled
monitoring of the relationships among variables during the DAG execution, evaluating
perturbations in the error terms (¢;) for each variable, and quantifying the perturbations
impact on the anomalous behavior of Y7'.

Decomposing the system to understand how interactions among upstream nodes
impact to the final outcome is crucial to calculate the probability that Y exceeded the 30
reference threshold.

The score attribution graph Figure 10 show how variables num_requirements (37)
and num_test_cases (132) had a causal impact on the observed anomaly in num_meetings
(29.52), exceeding the deviation thresholds. The direct impact of perturbations in these key
variables showed that num_requirements achieved an attribution score close to 4.5, reflecting
its predominant influence. num_test_cases had a score close to 4, also a significant impact
albeit somewhat lower. In contrast, complexity_level (2) and num_meetings presented low
scores of around 0 and 0.5, respectively, indicating that their influence was marginal and
mediated by other variables.

The anomaly attribution analysis focused on the observed behavior of num_meetings
(Y; =29.52). By applying attribution techniques, perturbations in the error terms (ep;, ec,,
and ey,) were evaluated to examine how these variations affected the probability of Y;
exhibiting an anomalous value. In the context of the causal graph, upstream variables such
as testing_hours (H; = 290.90) and complexity_level (C; = 2) were considered. However, their
contributions to the anomaly were significantly smaller than those of num_requirements
(R; = 37.0) and num_test_cases (N; = 132). This analysis allowed to quantify the contri-
bution of variations in €; to the anomalous behavior of num_meetings, by calculating
—log P(Y; > g(Y;) | replacement of ¢;with random values), where g(Y;) represents the
reference threshold to determine whether Y; is anomalous.
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Attribution Score

Figure 10. Attribution score of the anomalous values.

The results confirmed that num_requirements (R; = 37.0) was the primary trigger,
generating a cascade effect that significantly impacted other variables connected to its
downstream nodes in the Test Execution activity during project execution.

5.6. Explainability of Distributional Changes through Causal Graph

An analysis of distribution changes in a representative subset of the data showed
a significant discrepancy in testing_hours between the planned and observed values (see
Figure 11). The planned distribution had a mean close to 150 h but the observed distribution
(execution) had a central concentration around 250 h. This shift was confirmed with a ¢-
statistic of (—11.60), evidencing a statistically significant difference in the analyzed sample.
Further analysis showed that the testing times executed in this subset considerably exceeded
the planned estimates, indicating a potential impact on system performance. The technique
(Section 4.3.2) quantified this deviation, highlighting the need to identify the underlying
causes in the DAG [11].

Distribution of testing_hours

0.006 4 ctatistic- -11.60 I
, 0.004 i
z |
0.002 [
J 1
you
0.000 1
0 50 100 150 200 250

Hours

Figure 11. Distribution of testing_hours between the 37 Specific and Planned Cases.

The application of the distributional causal analysis technique to testing_hours involved
comparing the conditional distributions of P(Y? | X?) (planning) and P(Y? | X?) (execution).
testing_hours (Y}') was identified as the variable of interest, with parent nodes (X?) includ-
ing num_test_cases, complexity_level, num_requirements, and num_meetings. P(Yi“ | Xf) was
estimated from the planning data and replaced by P(Y? | X¢) using the data observed
during execution. This produced a new distribution (P(T*")), which allowed for observa-
tion of how variations in the parent nodes affected the total testing time. The KL divergence
(Dkr(P(Y® | X9) || P(Y® | X7))) quantified the impact of these changes, allowing for the
identification of the main causes of the discrepancy in testing_hours.
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The analysis results show that num_test_cases was the primary cause of the distribution
shift of festing_hours, with an observed difference of 250 h during execution. The Compari-
son of distributions confirmed a significant alteration, highlighting discrepancies between
the planning and execution of the projects.

The bar chart reflects the contribution of each variable to the change in the distribution
of testing_hours (Figure 12). num_test_cases has an attribution score close to 10, indicating
a causal responsibility with respect to the observed change. In contrast, other variables
complexity_level, num_requirements, and num_testers present attribution scores near zero,
confirming that their effects on the distributional shift were minimal. These results highlight
that the most significant change occurred in testing_hours, driven primarily by the causal
factors represented in num_test_cases, while the other variables had a marginal influence.
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Figure 12. Attribution Score for the Distribution Change of testing_hours.

6. Discussion

The study of the process flow (see Figure 6) demonstrated the way in which activities
recorded in the projects can be modeled as a business process flow using process mining
algorithms. This representation enabled the precise identification of activities and their
interactions, emphasizing the importance of the Test Execution activity for managers due
to the outsourcing of tasks. The combined application of causal discovery algorithms,
with connections evaluated through entropy (Section 5.4), facilitated the creation of a reliable
causal graph, represented as a DAG (see Figure 7), which showed the causal relationships
between operational variables (Section 5.3).

The anomalous values (Table 4) identified in key process variables were linked to
the proposed research questions (see Section 2.3). The resulting causal graph enabled
the examination of these questions through the analysis of causal pathways. The path of
num_requirements — testing_hours — num_meetings showed the propagation of anomalies in
the system (RQ.2). The graph facilitated the assessment of how specific variables influenced
the observed anomalies (RQ.1), for example, the effect of num_requirements on testing_hours.
This approach also allowed for the analysis of changes in the distribution of testing_hours
(RQ.3 and RQ.4) in a subset of 37 projects, revealing how changes in causal relationships
impacted the Test Execution activity during process execution.

Unlike previous studies [13,14,19,20], CaProM incorporated causal discovery into pro-
cess planning. It not only identified causal relationships but also determined the influence
of operational variables on anomalies and distributional changes in process activities.
The integration of causality into project planning allowed addressing the dynamic nature
of the environment, facilitating adjustments based on causal evidence. The causal analysis
employed cross-sectional data, avoiding the need to average multiple time instances and
reducing potential biases. Unlike time-series methods (e.g., [21]), this approach better
preserves the relationships among variables. By avoiding issues with simultaneous data
(Sections 5.3 and 5.4), the causal discovery is beneficial to process managers, minimizing
spurious relationships and providing actionable information for decision making.
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The results in (Sections 5.5 and 5.6) show that causal anomalies were identified in
the Test Execution activity during the execution phase, which was monitored because of
the outsourced tasks. The attribute anomalies in num_requirements (37) and num_test_cases
(132) exceeded the 3¢ threshold, affecting execution and contributing to the anomaly
in num_meetings (29.52). In terms of distributional anomalies, testing_hours exhibited a
significant shift (planned average: 150 h; observed: 250 h). Causal analysis attributed
this change primarily to num_test_cases, with a score close to 10, while complexity_level,
num_requirements, and num_testers made minimal contributions.

This work still has some limitations. The primary limitation (and requirement) is the
fundamental need for detailed records of process planning, which are crucial for causal
learning; this restricts its applicability in contexts where planning data are unavailable
or incomplete. Also, the omission of organizational external factors may affect the accuracy
of the causal relationships. Finally, the use of large data volumes (i.e. event logs) introduces
computational challenges of its own.

7. Conclusions

This article has presented applied research aimed at improving the monitoring and
interpretation of anomalous events in business process management through the early
integration of causal discovery techniques. It introduced CaProM, an approach that uses
knowledge of causal structures from initial project stages to enable monitoring and greater
explainability during process execution. The key findings of this study are:

*  Successful adaptation of causal discovery algorithms (LINGAM, PC, and GES) to
identify causal structures in 562 activity flow plans during the planning phase (see
Section 5.1), revealing relationships not evident with traditional methods;

*  Practical application of causal attribution techniques for anomalies and distributional
changes, using the causal knowledge obtained during planning to more accurately
interpret anomalous events during the execution of business process; and

*  Demonstration of how integrating causal learning from the planning phase can signif-
icantly enhance the interpretability and explainability of anomalies during process
execution, enabling a more informed and effective response.

CaProM advances the adaptation of causal learning techniques for monitoring business
processes, promoting a shared understanding of project managers and process managers.
It enhances analysis during execution, drawing on causal knowledge obtained during
planning, and providing a solid foundation for the causal detection and explanation of
anomalies and for making informed decisions. CaProM introduces a new way to anticipate
causal scenarios in complex processes, enabling organizations to monitor them more
effectively and make informed decisions during their execution. By integrating a causal
view from the planning phase, managers can detect anomalies and understand their root
causes using existing causal knowledge. Additionally, CaProM can interpret distributional
changes to enable dynamic process adaptation, providing a competitive advantage in
dynamic business environments that demand rapid detection, explanation, and response
to changes in process patterns [26].

Future research will address unobserved confounding variables and explore the group-
ing of variables by process instance type, which could generate multiple DAGs per activity.
This approach would offer a more detailed view of operational dynamics in numerous
business contexts.
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Chapter 4. Compendium of Publications

4.5 Causal Process Mining for Temporal Deviations in Business
Event Flows

This article brings together the elements developed previously and applies them to a
complete industrial workflow for activity planning. The study is situated at the inter-
ventional level of the hierarchy (L) and combines disaggregation by variants, clustering
of temporal deviations, and causal discovery to quantify the impact of critical activities
on process performance (|50.]J7 |SO.3|; RQ.]L hQEﬂ) With this step, the contribution
ceases to be limited to isolated cases and is presented as a general causal process mining
procedure for temporal deviations, which the literature can use as a basis for evaluating
interventions on performance.
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Abstract. Efficient management of business processes is crucial in dynamic
environments. Temporal deviations in execution times can affect workflows.
They also increase costs and reduce service quality. Traditional process anal-
ysis methods generally rely on correlations. They do not establish causal rela-
tionships that explain these deviations. Existing approaches face challenges in
identifying the underlying causes of temporal deviations. This difficulty lim-
its the ability to apply precise interventions. Without a causal understanding,
corrective actions may prove ineffective. They often address symptoms rather
than underlying causes. This study integrates process mining with causal infer-
ence. The objective is to explain the factors that generate temporal deviations
in enterprise workflows at the variant level. Causal discovery techniques are
applied (LiNGANM, PC, and GES). Event logs are grouped by variant and stratified
into temporal-deviation clusters. This procedure identifies critical activities.
Directed acyclic graphs (DAG) are also recovered to quantify their impact on
delays. In addition, alternative scenarios are simulated using the do(-) opera-
tor. These interventions provide actionable information for optimization. The
methodology was validated with a dataset of 562 planning instances from a
payment-processing company. The results identified causal relationships con-
sistent with the learned DAGs. Among them, the impact of scheduled hours and
complexity level on execution times. This work integrates process mining and
causal inference. The result is a framework for data-driven decision-making in
operational process management. The proposal improves the interpretability of
temporal deviations. It also enables the design of more precise interventions.
It contributes to establishing a methodological foundation for continuous im-
provement through causal analysis.

1 Introduction

In dynamic, competitive environments [1], organizations must manage their business pro-
cesses effectively to achieve strategic objectives. Controlling operational performance is es-
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Figure 1. Visual characterization of temporal deviations and their possible underlying causal relation-
ships in business processes.

sential, particularly the execution times of activities. Within this framework, process mining,
complemented by causal inference techniques, provides tools to identify and understand de-
viations.

As shown in Figure 1, temporal deviations appear in repeated executions of the same pro-
cess. Multiple nominally identical instances are observed, but with distinct temporal patterns.
This variability makes it difficult to identify and explain causal relationships, especially when
roles, activities, and operational characteristics of the process interact.

Despite detailed planning of activities and schedules, temporal deviations persist [2].
Their effects are adverse: they increase operating costs, introduce delays, and reduce service
quality. They also affect collaboration among roles [3]. Traditional methods rely on corre-
lations [4, 5]. They do not clearly establish cause-and-effect relationships. This limitation
reduces the ability to implement effective and timely corrective actions [6].

To address this problem, the present work proposes an integrated methodology. It com-
bines process mining [10] with causal machine learning techniques [7]. The main objective
is to identify and analyze cause-and-effect relationships associated with temporal deviations
[8, 9]. The analysis operates at the variant level and uses stratification into temporal-deviation
clusters. This favors interpretability and enables the design of interventions.

The specific objectives are: (i) to integrate process mining with advanced causal machine
learning techniques; (ii) to identify causal relationships that explain temporal deviations in
business processes; and (iiZ) to provide a framework for well-founded and timely managerial
interventions, supported by clear and robust causal analysis.

In line with the above, this article poses the following research questions:

1. RQ How can process mining be integrated with causal machine learning techniques
to identify specific causes of temporal deviations at the variant and cluster levels?

2. RQ, What are the key causal relationships associated with the temporal deviations
observed in business processes?

3. RQ3 To what extent does causal understanding improve the quality and effectiveness
of managerial decisions and interventions in the face of temporal deviations?



The organization of the document is as follows. Preliminaries presents the key concepts
(2). Related Work reviews prior studies (3). Proposed Methodology describes the approach
based on process mining and causal inference (4). The Results are then reported (5), followed
by the Discussion (6) and the Conclusions (7).

2 Preliminaries

Below, the essential concepts and notations that underpin the causal analysis developed in
this study are presented, along with their respective formal definitions.

Definition 2.1 (Business Process Model). Let a business process model be defined as the
tuple P = (A, <), where A is a finite set of activities and < establishes the precedence
relationship among them. Each case ¢ € C generates a trace o, represented by the sequence
of executed activities with their respective timestamps o = (a1, %), (a2, 1..), ..., (@n, 1, ).

Here, 1, is the timestamp of a; in the case ¢;. The set of all traces is denoted by . A
process variant is an equivalence class over X, determined by the sequence of activities. The
projection operator act is defined as act(o;) = (ai,a,...,a,). Two traces o,, 0, belong
to the same variant v; if and only if act(oc,) = act(o,). The set of variants is denoted by
V= {V],Vz,. ..,Vk}.

Definition 2.2 (Temporal Deviation). The time interval between two consecutive activities

aj,aj inoyis givenby Ar,, , =1, —1; . The temporal deviation is obtained by comparing
each Ar, , ~ with the average interval Az, ., forming the set Agq,, = {At’ajam = Ay, -
i=1,...,m}.

Definition 2.3 (Average Causal Effect (ATE)). Itis the expected average change in Y when, for
the same population, X is exogenously set to (x”) instead of (x); it is written as ATE(x’, x) =
E[Y | do(X = x')] — E[Y | do(X = x)] or, in potential-outcomes terms, E[Y(x") — Y(x)]
with Y(, denoting the outcome that a unit would have if X were set to x. The observational
difference (E[Y | X = x'] — E[Y | X = x]) compares groups that naturally take those values of
X and may reflect other differences between them; the ATE answers what would occur under
an exogenous manipulation of X.

Definition 2.4 (Causal Intervention). A do(X = x) intervention externally sets X to the value
x, severing all influences pointing into X; in structural models it is equivalent to replacing
the structural equation for X with the assignment X := x, and in a DAG to removing the
incoming edges to X. The distribution P(Y | do(X = x)) describes the behavior of Y under
that manipulation and typically differs from P(Y | X = x) because the latter reflects who has
X = x in the observed data, not the result of forcing X = x.

3 Related Work
3.1 Temporal Deviations in Business Processes

Recent work on temporal deviations in business processes has followed two main lines: on
the one hand, the detection and representation of timing patterns; on the other, the search for
causal relationships to guide intervention decisions.

Within the family of temporal signatures, Bohmer and Rinderle-Ma [14] compare histor-
ical and current process behavior to enable early anomaly detection. Janina et al. [15] extend
this idea with signatures centered on the intervals between consecutive activities. These stud-
ies increase sensitivity to temporal changes, although their scope narrows as trace length and
the structural complexity of the process grow.



Regarding the representation of constraints, Pereira and Varajdo [12] introduce specific
temporal links in modeling languages. Senderovich et al. [13] propose the Temporal Net-
work Representation (TNR) to capture relationships between activities with probabilistic sup-
port. Zhao et al. [18] present a temporal hierarchical model (TH-BPM) that organizes these
constraints at different levels. These proposals offer an expressive framework; nevertheless,
variability across instances and scalability remain challenges in scenarios with pronounced
heterogeneity.

In operational monitoring and uncertainty management, Rogge-Solti and Kasneci [11]
apply Bayesian methods to handle noise and complex dependencies in dynamic contexts.
Richter and Seidl [16] introduce TESSERACT for real-time monitoring via exponential moving
averages, and Asma et al. [20] incorporate metrics such as latency and temporal capacity.
These techniques facilitate continuous process surveillance, although their performance de-
pends on data quality and may degrade under abrupt changes.

Another line relies on data structures for anomaly detection. Mavroudopoulos and
Gounaris [17] use M-trees and R-trees to locate deviations at different granularities. Richter
et al. [19] explore proximity-based variants that report accuracy improvements over simpler
approaches, with difficulties that increase in high-dimensional settings.

3.2 Causality in Business Processes

Qafari and Van der Aalst [21, 24] propose structural equation models integrated with al-
gorithms such as GFCI to identify root causes in performance and compliance issues. In a
similar vein, Luo et al. [22] combine process mining and causal discovery through the ACLP
framework and the SMMB algorithm, focusing on identifying causes in complex and dynamic
processes. Both approaches stand out for offering effective methods to identify root causes,
although they face common limitations related to reliance on expert knowledge and the diffi-
culty of handling high variability in complex structures.

4 Proposed Method

The proposed methodology, illustrated in Figure 2, addresses the causal analysis of temporal
deviations by focusing on specific variants of the business process. This approach differs
from previous methods mentioned in Section 3.1, which analyze all log traces together. By
studying variants individually, Simpson’s paradox, where clear trends in subgroups disappear
or change when all data is combined, is avoided. In this way, precise causal relationships are
identified, aligning with the specific strategic objectives of each process variant. This method
reduces biases and interferences typical of general approaches such as those by Bohmer and
Rinderle-Ma [14] and Janina et al. [15], who use general signatures and may encounter
distortions when considering multiple variants simultaneously.

The following stages are closely related to addressing this problem. First, the individual
process variants are identified, and then robust causal analysis is applied to each variant,
ensuring precise and contextualized causal identification.

4.1 Event Log From Planning:

The first stage of the methodology, illustrated in Figure 2, focuses on identifying the business
process model using process mining [25]. For this purpose, event logs (L) derived from
previously defined project plans are obtained. An event log is formally represented as a set
of traces o, where each trace o; consists of ordered sequences of activity-time pairs o; =
{(ar, ffz. ), ..., (ay,, tgn)}, following the notation presented in the preliminary section.
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Figure 2. Scheme of the proposed methodology for analyzing underlying causal relationships in tem-
porally clustered deviations from a process variant.

This strategy allows capturing the expected behavior of the process according to the orig-
inal planning. Moreover, it enables the early detection of temporal deviations and the recog-
nition of interactions among the roles involved in the process, as suggested by Pereira and
Varajao [12]. This early detection is essential for understanding the causes of the deviations
before they negatively affect the final outcomes. In this way, it contributes to a better under-
standing and management of the temporal and collaborative relationships among roles within
the process flow.

Table 1. Event Log Extract

Case Id | Activity | Time-span | Role; | ... | Feature,
case 1 A 10.3 ms role.; | ... feat.,
case 1 B 45.2 ms role., | ... feat.3
case 1 C 62.5 ms role.s | ... feat.q
case 2 A 72.4 ms role.s | ... feat.3
case 2 E 43.8 ms role.; | ... feat.,

In Table 1, a typical extract of the event log obtained from the project plans is shown.
Each record presents the following essential attributes:

1. Case ID: Unique identifier that distinguishes each process instance. Examples
(ERP/CRM): C-2025-00451, OP-789231, TICKET-31415.

2. Activity: Activity performed at a point in the process. Examples: Request receipt,
Data validation, Credit approval, Generate invoice, Close case.

3. Timestamp(s): Event timestamp(s) (start and/or end) to compute duration and waiting
times between activities. Example: start 2025-06-15 09:34, end 10:12 — duration 38
min.

4. Role: Role responsible for executing the activity (function or profile). Examples: An-
alyst, Supervisor, Back-office; (optional) individual resource ul234.

5. Additional operational variables: Attributes that contextualize the case or the event.
Examples: priority (High/Medium/Low), channel (Web/In-person), product/service,
customer segment, amount, number of items, location, SLA.

This structure facilitates clearly capturing the expected behavior of the process according
to the initial planning. Moreover, it allows for the early identification of temporal deviations




and reveals interaction patterns among roles. These elements provide a solid foundation for
subsequent causal analysis, highlighting improvements over methods such as those described
in [14] and [15], which tend to rely on more general representations.

4.2 Business Process Variant:

The second stage of the methodology, in line with the definitions and notations established in
the definition 2.1 (see Sec. 2), focuses on extracting and characterizing operational variables
from each process variant. Specifically, the execution times between consecutive activities
within each process variant V;, previously defined in the Preliminary section, are extracted.
These times are transformed using the Modified Z-Score, formally defined as:

, 0.6745(AF, , = Atya,)
Zn(AE ) = —
m ajaj MAD(A;(lj_aj+1 )

where Atfz_/a_/ﬂ is the time interval between consecutive activities for trace o, ANIC,].%1 rep-
resents the median time interval in variant V;, and MAD corresponds to the median absolute
deviation. In this way, a temporal vector Z; = [Z,,(Atg,a,), Zn(Atuyas)s - - -, Zin(Aty, 4,)]. 18 Ob-
tained, which will later be used as input for the clustering and causal graph discovery stages.
Furthermore, this temporal vector forms the fundamental basis for clearly identifying and
analyzing the specific temporal deviations of each process variant, thereby enabling a precise

understanding of the underlying causal relationships. vspace-0.1cm

4.3 Cluster of Temporal Deviations:

The third stage of the proposed methodology (see Figure 2) consists of applying the Gaussian
Mixture Model (GMM) to the temporal vectors normalized using the Modified Z-Score, pre-
viously described as Z;. This vector serves as the input to the GMM, which is an unsupervised
machine learning model, formally expressed as

K
pZ) =Y mNZ; | i Eo),
k=1

where 7y, is the weight of the k-th Gaussian component, g, is the mean vector, and X is
the covariance matrix associated with the component. The application of the model allows
for the identification of clusters that group traces with similar patterns of temporal deviations.

These obtained clusters facilitate subsequent causal analysis on the associated operational
variables. The identification of typical causal structures is illustrated in Figure 3, showing
three basic configurations: Forks, Chains, and Colliders. Recognizing these causal patterns is
crucial for interpreting the underlying dynamics in temporal deviations, which directly con-
tributes to greater causal interpretability and the direction of the causal effect of interventions.

¥ci

Collider

§

©)

Figure 3. Causal topologies (Fork, Chain, Collider) illustrating relationships among variables.



Algorithm 1 Causal Discovery to Obtain the DAG (Condensed)
Input: D € R™? (with p variables {Xi,...,X,});
B € N (number of bootstraps);
7 € [0, 1] (inclusion threshold).
Output: G* = (V,E*) with V = {X;,..., X,}.
1 Definitions: Foreachb =1,...,Band X;,X; € V:

» {1, if 3m € {LINGAM, PC, GES}: X; — X;in D®,
ij =

0, otherwise.

Letv; = Y5 | 55?), fii =", and Epe = {(i, j) | f;j > 7).
d-sep(X;, X;, Z) returns true if X; and X; are d-separated by Z in D, else false.
2 for b — 1to Bdo
3 D®) « bootstrap sample of D; foreach (i, j) € V x V do
4 if 3m € {LINGAM, PC, GES} with X; — X; in D® then
5 t 6(.? «— 1 /* Causal edge detected in current bootstrap sample */

1

else
7 L (55?) «— 0/* No causal edge detected in current bootstrap sample */
8 Vij <—U,'j+(5§jb-)

=]

foreach (i, j) e Vx V do
10 L fij < % /* Calculate frequency of edge occurrence */

11 Epe < {0, ) | fij = 7} Gpre < (V; Epre) While Gy contains a cycle C do

12 E" «{(i, j) € C| d-sep(X;, X;,Z) = true}; if E’ # ( then

13 (", J°) « argming ;g vij /* Lowest support edge selected #/; Remove
@@, j*) from Ep. /* Edge removed to break cycle */; Update Gpe <
(V, Epre) /* Graph updated */

—

14 else
15 L break /* No removable edge found: process terminated */

16 return G* < G

To obtain the causal graphs (DAG), an iterative procedure based on techniques such as
LiNGAN, PC, or GES is implemented, as described in Algorithm 1. This algorithm combines
statistical tests for conditional independence with cycle elimination, thereby ensuring the
generation of coherent causal graphs.

The resulting DAG offers a robust interpretation of how the operational variables causally
impact the detected temporal deviations, facilitating the implementation of effective strategic
interventions in process management.

4.4 Interventionist Causal Design:

Once the clusters of temporal deviations have been defined and the corresponding DAG has
been obtained, the interventionist causal analysis is undertaken to determine the direction
of influence among the variables and to implement targeted interventions. In this model, the
treatment 7' is understood as the action applied to correct or improve the process, the outcome



Y reflects the performance measured after the intervention, and the confounding variable Z
groups the contextual factors that affect both.
The model is expressed using causal functions:

T := fT(NT)’ Y = fY(T, Z, NY),

where Ny and Ny are independent noise terms. The intervention do(7 = ¢) is applied to fix T’
at a specific value, which produces the distribution Pyqor=;). By comparing this distribution
with the observational one, the direct effect of T on Y is isolated while controlling for the
influence of Z.

This interventionist approach confirms the causal direction and, unlike the methods of
Qafari and Van der Aalst [21, 24] and of Luo et al. [22], which relied on observational
analyses without incorporating the perspective of intervention, enables the design of precise
interventions. In this manner, improvement strategies can be established to optimize the flow
of events within the business process.

5 Results

This section presents the findings obtained by applying the methodology described in Sec-
tion.4 to an event log documenting the planning and development of technological require-
ments at a payment services company. A total of 562 instances were evaluated, allowing for
the identification of patterns in temporal deviations and in the operational structure of the
process.

5.1 Dataset Description

The analysis was conducted on an event log that records the sequence of activities, start
and end times, and other operational attributes for each planning instance. Each instance
documents a complete process, capturing both the planning and execution phases. Table 2
summarizes the main characteristics of the dataset.

Table 2. Dataset Characteristics

Characteristic Value
Planning Instances 562
Number of Unique Activities 8
Average Events per Planning 10
Registered Operational Attributes 12
Time Period 2018-2020
Source Event Log

5.2 Principal Findings

The process model quantifies the duration of key activities and detects critical paths (see Fig-
ure 4). Notable differences were observed in tasks such as User Evaluation Clarification
(averaging 34.9 days) and Production Testing Evaluation (47.4 days), both of which have
a significant impact on the workflow. Additionally, Quotation Approval reaches 33.4 days,
while Functional Definition (23.7 days) and Planning (13.7 days) also stand out due to their
complexity. On the other hand, “Technical Evaluation” records 11 days, Quotation Genera-
tion 7.2 days, and Completeness Review 5 days, reflecting relatively shorter durations. These
figures highlight the heterogeneity of processing times and help identify critical paths within
the process.
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Figure 4. Three representations of the same process with different relevance filters: (1) activities related
to Quotation Approval are highlighted, (2) flow variants that modify the sequence of activities are
shown, and (3)a bottom-up view focused on execution times and the confluence of paths is integrated.

5.3 Temporal Deviations Clustering

To study the temporal deviations within the variant, GMM and PCA were applied to the exe-
cution times. Figure 5 shows two main classes (class = 0 and class = I), with 348 and 168
instances respectively, along with 46 cases of overlap. This overlap exhibits an entropy of
H(X) = - 3; p(x;)log p(x;) = 4.52, indicating a moderate ambiguity in class separation. This
clustering facilitates the identification of similar deviation patterns; for instance, class=1 in-
cludes traces with greater delays in User Evaluation Clarification and Quotation Approval,
suggesting a significant impact on overall planning.

5.4 Interventionist Causal Analysis

In the subgroup of class = 1 (168 planning instances with similar patterns), a causal analysis
focused on the activity Clarification User Evaluation was applied. For this purpose, the
following operational variables were identified (see Table 3):

Table 3. Variables in "Clarification User Evaluation".

Variable Description Role
scheduled_hours Scheduled hours. Treatment (T)
num_requirements Requirements to clarify. Outcome (Y)
complexity_level Complexity level (1 to 3). Confounder (Z)

The causal model is defined as:

T := fr(Nr),
Y := fy(T,Z Ny),
where T represents the scheduled hours and Y the number of requirements. Ny and Ny are

independent noise terms, while Z groups confounding factors such as the project’s complexity
and the number of services involved.
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Figure 5. Process variant with segmented activities and temporal deviations clustering. Two classes
(class=0 and class=1) are observed, with 46 overlapping cases and an entropy of H(X) = 4.52.

To illustrate the analysis, the intervention do(7 = 2.5) was applied, fixing T at 2.5 hours.
This allowed us to obtain the distribution Pyjqor=25 and compare it with the observational
distribution, thereby isolating the effect of 7 on Y. The average causal effect (ATE) was
calculated as:

ATE(t,t') = E[Y | do(T = 1)] — E[Y | do(T =1")],

yielding a value of —0.196 per additional hour. For an increase of 12 hours (from 2.5 to 14.5),
the ATE was —2.355, suggesting a non-linear behavior and possible synergy effects.

The causal structure (see Figure 6) was derived using LiNGAM [29], as well as the PC and
GES algorithms [30] (see algorithm 1). As shown in Figure 6 , scheduled_hours has a direct
effect on num_requirements, while complexity_level acts as a confounding variable.

6 Discussion

Discussion

The analysis showed that the activities Clarification User Evaluation (12.5 days) and
Testing Production Evaluation (24 days) exhibited prolonged durations. Sequences were also
detected in which minor delays accumulate and create bottlenecks. These results make it
possible to locate critical points in the process and guide targeted interventions to improve
performance (see RQ.2).

The findings are consistent with research that prioritizes attention to stages with greater
delays. Bohmer and Rinderle [14] use temporal signatures to detect anomalies early, whereas



complexity_level

: num_testers
num_factories Temporary Deviation
Overap Entropy: H(X)=452

scheduled_hours

num_services

ar(}\se\cture_hours

class 1 (163)
-3 4 class 0 (343)
overlap (46)

developmegt_hours
" developers

T T T T
-2 =1 L] 1

num_meetings

Figure 6. Causal graph depicting operational variables within the Clarification User
Evaluation activity, with causal relationships identified using causal discovery techniques.

Janina et al. [15] incorporate detailed signatures to identify deviations between consecutive
activities. Although these approaches present limitations in lengthy processes, they reinforce
the need to manage critical stages effectively (see RQ.2).

The use of a real dataset (562 planning instances) and the focus on specific activities
strengthen the validity of the observations. Nevertheless, the limited time window and re-
liance on a single dataset constrain generalization. Future studies should consider different
organizational contexts and extend the observation period to assess the stability and applica-
bility of the results (see RQ.1).

It is also pertinent to examine the influence of organizational factors, such as resource
allocation and the adoption of automation technologies on reducing temporal variations. This
would allow a deeper understanding of how specific interventions improve process efficiency
(see RQ.3).

In summary, the precise identification of critical activities and the analysis of problematic
sequences provide a clear basis for targeted interventions. Their implementation can reduce
execution times and improve operational efficiency, contributing to the optimization of overall
process management (see RQ.3).

7 Conclusions

This work integrated process mining and causal machine learning to identify and explain
temporal deviations in enterprise workflows. The methodology combines causal discovery
techniques with the analysis of event logs to improve the interpretability of variations in
execution times.

The results indicate that certain activities are associated with delays and that their impact
can be assessed through causal interventions. The estimation of the average causal effect
quantified the effect of variables such as scheduled hours and complexity level on process
duration. Although the approach is applicable in different settings, generalizing the findings
requires testing it across diverse organizational configurations and expanding the dataset. Fu-
ture work can explore the role of resource availability and automation in reducing deviations.

In summary, the incorporation of causal models into process mining provides a useful
framework for optimizing operational management. Understanding cause-and-effect rela-
tionships facilitates the design of more precise interventions, leading to reduced execution
times and greater efficiency in process planning.
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Abstract—

Temporal variability in business processes represents a signifi-
cant challenge in organizational mining, driven by changes in de-
mand, regulatory requirements, or internal restructuring. These
factors reconfigure the causal relationships among process roles,
altering their interaction patterns. Detecting such changes in a
timely manner is crucial to maintaining operational efficiency. An-
alyzing roles in temporally dynamic processes requires incorpo-
rating multiple perspectives to capture complex patterns in their
evolving interactions. Interventions applied to these roles yield het-
erogeneous effects depending on their groupings and temporal con-
texts. To address this complexity, we propose an approach based
on multiview autoencoders that capture diverse interaction per-
spectives among roles and enable clustering based on their latent
patterns. This methodology uncovers specific causal relationships
and estimates heterogeneous effects, supporting adaptive interven-
tions for the roles involved. Validation was carried out using data
from a payment services company, which revealed clusters of roles
with similar patterns and identified their distinct causal relation-
ships between temporal scenarios. This insight guided the design
of targeted and focused interventions. This work contributes to or-
ganizational mining in temporally variable contexts through the
integration of multiview autoencoders and causal inference tech-
niques, thereby enabling adaptive interventions aligned with role-
interaction patterns and their operational context.

Index Terms—organizational mining, business process min-
ing, causal inference, multiview encoding.

I. INTRODUCTION

Organizational mining is a valuable tool for analyzing
event logs that reveal how business processes are executed.
It helps in understanding resource allocation and interac-
tion among roles [1, 2]. In highly interdependent environ-
ments, the temporal variability in execution times is crucial.
Fluctuations can delay activities, create bottlenecks, and af-
fect operational efficiency [3, 5]. This is observed in sectors
such as banking, manufacturing, or software development,
where delays may lead to cost overruns, regulatory non-
compliance, or critical failures.

Several studies on process integration and organizational
networks have highlighted the importance of the organi-
zational perspective. For example, [17] proposes methods

979-8-3315-2567-5/25/$31.00 ©2025 IEEE

for identifying organizational structures from event logs.
Focuses on how actors are grouped according to shared
activities or cases. In contrast, [18] analyzes how work is
transferred between individuals. Its approach allows us to
observe dynamic interactions within the process.

However, both studies assume static structures. They
do not consider temporal variability, such as changes in
the duration of activities. Nor do they explore underlying
and heterogeneous relationships that affect such variabil-
ity. Causal inference techniques have shown the ability to
estimate heterogeneous effects [7, 8]. This suggests that
they can be adapted to identify hidden relationships that
influence the temporal dynamics of processes.

Figure.1 shows the importance of temporal variability
and characterizes the problem. At the Detailed Trace level,
different process traces are observed as o = (e1, €2,...,¢€n,),
where each event e; corresponds to the execution of an
activity (for example, A, B, C, D, E, F') carried out by
different roles. Variations in execution times, highlighted in
the figure, can alter the sequence and affect coordination
among actors [3]. At the Pattern Trace level, execution pat-
terns are abstracted, revealing how certain combinations of
activities can change in order or duration and consequently
influence the overall performance of the process [4].

This phenomenon is critical in contexts such as financial
approval, where a delay in review (activity B) affects sub-
sequent activities (C' and D), or in software development,
where late delivery of a module affects integration and final
testing. Thus, the central challenge is to understand and
model temporal variability and its underlying relationships
in organizational processes. The problem is that traditional
methods do not integrate multiple organizational perspec-
tives (for example, execution times, roles, and resources)
into a unified representation, nor do they dynamically ex-
plain the underlying causal relationships behind delays. As
a result, there is no framework that identifies and quanti-
fies the heterogeneous effects stemming from variations in
activity duration [5, 6].

Based on these considerations, the following research
questions are posed:
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observed with execution times that vary by role. In the Pattern Case, these variations are abstracted, showing how

changes in order or duration can impact overall efficiency.

e RQ: How does temporal variability manifest itself in
highly interdependent scenarios and how does it impact
operational efficiency?

e RQ2: What methods enable the identification and mod-
eling of the causal relationships underlying delays in key
activities?

The document is organized as follows: Section II, Prelimi-
naries, introduces key concepts; Section III, Related work,
reviews previous studies; and Section IV, Proposed Method-
ology, describes the approach based on process mining and
causal inference. Subsequently, Section V presents the re-
sults, followed by Discussion and Conclusions in Section
VI

II. PRELIMINARIES

This section presents the formal elements necessary to
establish the conceptual framework of the study. Its purpose
is to clarify the notation and fundamental assumptions on
which the subsequent analysis is built.

Definition 1 (Organizational Perspective). Let L be an
event log. Each trace o € L is represented as an ordered se-
quence of events: ¢ = {ey, ea, ..., ey). An evente; is modeled
as a tuple (aj,rj,t§t‘lrt,tj”d), where a; € A is the executed
actiity,r; € R is the assigned resource, and t35**"™, t;”d € Rt
represent the start and end times, respectively. The duration
of the event is defined as d; = ts"* — 5%, The organiza-
tional perspective focuses on the analysis of the function
r:e; = rj, which links activities with resources, allowing
the modeling of structures such as roles, teams, or functional
units.

Definition 2 (Temporal Variability). Let o; = (e}, b,

..,€L) be a trace from the log L, where each event e§ has
a timestqmp t; € R*. The interval bgtween twvo consgcutive
events €} and €}, is defined as At} ;. =15, —t;. For
a pair of activities (a,b) € A x A, the set of observed
intervals is defined as Top = {At 5, | af = a, aé-ﬂ: b}.
The average duration between a and b is denoted as Atqp =
ﬁ > Tawp, and the temporal deviation for a given case i
is expressed as ., = At! | — Atqy. This value reflects
the degree of deviation from the average temporal behavior
observed between activities a and b.

Definition 3 (Causal Graph). Let G = (V, &) be a directed
acyclic graph, where each node X; € V corresponds to a
random variable and each directed edge (X; — X;) € &
indicates that X; exerts a direct causal influence on X ;. This
structure reflects the dependency relationships generated
by a causal model and defines a factorization of the joint
distribution as p(z1,...,24) = H;‘i:1 fi(z; | xpa,), where
PA; CV is the set of parents of X; in the graph G.

Definition 4 (Causal Effect). Let X € RP be the input
variable and Y € R the output. X is said to have a causal
effect on'Y when an intervention do(X = z) changes the
distribution of Y. The effect of changing X from x' to x is
defined as T(x,2') = E[Y (z)] — E[Y (2')], where Y (x) is the
potential outcome under that intervention.

Definition 5 (Heterogeneous Causal Effects). Let T €
{0, 1} be a binary indicator (1 = treatment, 0 = control). For
each unit, the potential outcomes are defined as 'Y (1) (if the
unit recetves the treatment) and Y (0) (if not). Heterogeneity
exists when the individual effect 7; = Y;(1) — Y;(0) varies
across units; to describe it, the CATE is used: 7(x) = E[r; |
X = z|, which quantifies the expected treatment effect for
units with covariates X = x, thus avoiding the limitations
of a global average.

III. RELATED WORK

This section reviews advances in organizational mining
from three main perspectives: modeling temporal variabil-
ity, integrating multiview perspectives, and expanding data
sources. The aim is to situate the current state of the field
and to highlight the limitations that motivate this work.

A. Methods and Approaches for Temporal Variability in
Organizational Mining

The analysis of organizational structures has evolved
from static approaches to models more sensitive to execu-
tion dynamics. Appice et al. propose detecting overlapping
communities in event flows, allowing the representation
of organizational units that change over time [15]. Each
event is considered part of a trace o = (ey, ea,...), where
resources can participate in multiple communities. How-



ever, the model does not use timestamps ¢; nor quantify
execution intervals At; ;.

Deokar and Tao introduce OrgMiner, a framework that
detects interaction patterns between resources based on
event logs [16]. The approach identifies activity sequences
executed by different actors, but does not explicitly con-
sider differences in execution times or their dispersion. In
this context, measures such as ’sz,b would be useful in char-
acterizing temporal variability.

Gao et al. address the problem through similarity metrics
between resources, based on how frequently they participate
in similar activities or cases [17]. These relationships can be
represented by a function w(r;, r;), which assigns a weight
to each pair of resources according to their co-occurrence.
Although the model captures recurrent patterns, it does
not consider execution time or associated variability.

Syamsiyah et al. propose moving processing to the
database level, allowing organizational relationships to be
efficiently precomputed [18]. Each event is stored with at-
tributes such as activity (a;), resource (r;), timestamp (t;),
enabling formal structuring. However, the derived relation-
ships remain static and do not reflect temporal changes or
causal structures.

B. Multiview Perspectives in Organizational Processes

Incorporating multiple views allows for a better represen-
tation of the complexity of collaborative processes. Some
studies combine information on activities, resources, time,
and relationships, although with varying levels of integra-
tion.

Wang et al. combine process mining and social network
analysis to model collaborative supply chains [19]. Their
approach enables the analysis of events that represent work
transfers between actors, with temporal information such as
t; and sequences (ej, e;41). However, they do not quantify
the intervals At; ;41 or assess their variability.

Zeng et al. use extended Petri nets to represent interor-
ganizational flows with activity synchronization, messaging,
and shared resources [20]. Their model captures complex
structural relationships, but does not incorporate time mea-
surements or evaluate how these relationships change across
different executions.

Qiu et al. introduce the concept of a Community Tree
to model hierarchical structures that evolve over time [21].
Their approach identifies the most influential actors within
a social network and organizes them into hierarchical trees.
Each member is associated with an immediate superior
based on their level of importance. By comparing these
structures over time, changes in organizational configura-
tion are represented. Although the model captures struc-
tural dynamics, it is not linked to temporal measures or
articulated with other process dimensions.

Together, these studies show that the integration of mul-
tiple viewpoints is possible, but the lack of connection be-
tween organizational, temporal, and causal aspects limits
their explanatory power.

C. Expansion of Data Sources in Organizational Mining

Abdelkafi et al. use natural language processing to an-
alyze emails and extract implicit organizational relation-
ships [22]. Based on attributes such as sender, recipient,
and sending time ¢;, they construct event logs that reflect
unstructured interactions. Although these enriched traces
broaden the analysis, they are not connected to other views
and neither is the temporal variation between activities
measured.

Engel et al. analyze EDI data to model interorganiza-
tional processes [23]. The messages are transformed into
formally structured events, allowing the reconstruction of
collaboration sequences between actors. While their ap-
proach allows for the evaluation of transactional perfor-
mance, it does not incorporate temporal variability metrics
nor analyze how these relationships evolve.

IV. PROPOSED TECHNIQUE

In this section, a four-stage methodology transforms
process logs into latent representations to identify patterns
and causal relationships. Figure.2 summarizes the flow from
event log extraction to cluster-based causal inference.

A. Feature Extraction From Business Processes

In STAGE 4.1, the business process to be analyzed is se-
lected by identifying the sequence of activities that make
up its execution variants. The event log is captured from
systems such as ERP (Sap, Oracle), BPM (Camunda, Bizagi),
or CRM (Salesforce), which are commonly used in organiza-
tional environments. This event log serves as a structured
data source that is a key in process mining [24].

In STAGE 4.2, the log is represented as a collection of
traces o;, where each event e; contains attributes such as
activity, time, and resource. Using the XES format [25], the
log structure is standardized (see Scheme.l). From the
traces, specific views are derived: time view, roles view,
and flow view, which are used as input in the following
stages.

Scheme of an event log in XES format

<log>

<trace>

<string key="concept:name" value="Case_12345"/>

<event>
<string key="concept:name" value="Start Process"/>
<string key="org:role" value="System"/>
<date key="time:timestamp" value="2023-01-15 09:00:000"/>
<string key="custom:op" value="init"/>

</event>

<l-- ...

<event>
<string key="concept:name" value="Payment Verification"/>
<string key="org:role" value="Financial_Analyst"/>
<date key="time:timestamp" value="2023-01-15 09:45:00"/>
<string key="custom:op" value="verify_payment"/>
<string key="amount" value="1250.00"/>

additional events ... -->

</event>

<!-- ... more events ... -->
</trace>

<!-- ... additional traces ... —-—>
</log>
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Fig. 2: Methodological approach integrating organizational and temporal views via multi-view autoencoders, transforming
data into a combined latent space for clustering and causal inference.

B. Multiview Encoding with Autoencoders

STAGE 4.3 converts the obtained views into latent repre-
sentations using independently trained auto-encoders. This
encoding abstracts relevant patterns in each process dimen-
sion and provides a compact representation of each trace
for subsequent analysis.

An autoencoder is a self-supervised neural network com-
posed of an encoder fen. : R* — R* and a decoder
faee : R¥ = R? where k < d. The encoder projects the
input x into a latent representation z = fon.(x), approxi-
mating the conditional distribution p(z | x).

Subsequently, the decoder attempts to reconstruct the
original input X = f4ec(2), approximating the conditional
distribution p(x | z). This mechanism forces the model to
learn intrinsic data patterns.

A separate instance is trained for each process perspec-
tive: activities (flow view), roles (roles view), and execution

time (time view). For each trace o; = {(el,eb, ..., e’ ), the
input vectors are defined as:
o ACTIVITIES: The vector x = [a},a},...,a}] € R" is

built, where each a§» is the integer value assigned to the
jth activity of the trace using ordinal encoding.

e ROLES: Similarly, x| = [r{,75,...,7},] € R", where each
75 represents the encoded role of the event eJ

. TINE: The vector x{ = [6¢ ,] € R™ (see def.2) is computed,
composed of values traﬁsformed using the modified z-
score. Each component 51 1 represents the normalized
temporal deviation for the activity pair (a,b), based on
the interval At] 41 = tj+1 t‘-.
From the previously defined set Tab, the following is cal-
culated: MAD, ; = median (|]At — Med, | | At € Tap)
and Med, , = median(7g,)

Aty — Med,,

Oip = 06745 - —4% D,

Therefore, the input vector x¢ is constructed by con-
sidering all ordered pairs of activities in the trace o,
preserving their order of occurrence. Each component of
this vector represents the temporal variation 52 ab) cal-
culated for each pair (a,b) according to the previously
defined metric. Formally, the temporal input vector is

xi = [5(a al) |1 <j <k <nl, with dimension |x}| = (5).
For example given the trace o; = [a,b,c,d], we obtain
xi = 19> 81s Sty Ot Sy S

In this way, the relative temporal variations (see def.2)
between all event pairs in the trace are captured. Finally,
each view is encoded separately into latent representations
2}, 2., and z; [12], which are integrated by concatenation:

z! :z}@zfn@zi.
C. Latent Clustering and Heterogeneous Causal Modeling

In STAGE 4.4, work is carried out on the set of latent
representations Z = {z'}"_;, on which a clustering task
is applied to segment the traces into subsets that share
structural similarity. Each cluster C}, represents a region
of the latent space associated with a recurrent pattern of
organizational behavior.

For each cluster, the original traces {o® | z' € Cy} are
recovered and the operational variables © = {x1,...,zp}
are extracted, which are used to identify causal relationships
(see def.4) through the LiNGAM [9], PC [10], and GES [11]
algorithms (see alg.1). A directed edge between variables
is considered significant if it appears predominantly in the
results of any of the algorithms, thus establishing a partial
consensus criterion on the cluster’s causal structure.

From the identified edges, a pair of variables (T}, Y:) is
selected, where T}, is considered the causal variable and Y}
the outcome variable (see def.4). In order to estimate how
the effect of T} on Y} varies depending on the operational
context, the orthogonal random forest (ORF) [13] is used, a



Algorithm 1 Bootstrapped Causal Graph Estimation
:D € R"*P (data matrix with p variables)

B € N (number of bootstrap iterations)

7 € [0, 1] (threshold for edge inclusion)
Output: G* = (V, E*), where V = {X;,..., X}

vij <= 0 forall (i,j) e V xV
for b+ 1 to B do
D® « bootstrap sample from D for each (i,j) €
V xV do
if X; — Xj detected in D® by any m €
{LiNGAM, PC, GES} then
|_ Vij < Vij + 1

Input

/* Initialize edge counts */

/* Increment edge count */
fij < véj for all (Z,j) eV xV /* Compute edge frequencies */
Finit {(’L,]) | fz] > 7'} /* Select significant edges */
Ginit < (V, Einit)

while G;,.;; contains a cycle C do

/* Find separable edges */
Esep < {(1,7) € C | d-sep(X;, X, Z) = True}
if Egep # () then
(5 (i) € Buop Vi
Einit + Einie \ {5}
Update Ginit
else
| break

return G* < Gt

/* Lowest confidence edge */
/* Remove edge */

/* Cannot resolve cycle */

/* Return final acyclic graph */

technique from the field of causal machine learning aimed
at estimating conditional causal effects. The model operates
on observations (X;,T;,Y;) extracted from the cluster and
estimates the function:

Tk(m)ZE[Yk|Tk=1,X=.CL‘]—E[Yk|Tk=0,X=.T]7

where x represents the contextual conditions observed
in the trace. ORF makes it possible to capture the variation
of the causal effect according to the environment without
requiring an explicit functional form or assuming the ho-
mogeneity of the impact across cases (see def.5). In this
way, differences in the causal response within the cluster
are identified, revealing heterogeneous effects structurally
associated with specific execution conditions.

V. RESULTS
A. Dataset

The dataset covers a real organizational process for em-
bossing and personalizing payment cards. Each trace o;
denotes a sequence of events with activity, timestamp, and
assigned role (see def.1 and def.2), which the mining process
[24] uses to accurately reconstruct the process performed
in detail.

Figure.3 shows the process model® from the control flow
perspective. All instances initiate at RECEIVE APPLICATION
and conclude at one of two endpoints SHIPPING or CASE

1The process model was generated using ABBYY Timeline —
Process Mining platform. https://www.abbyy.com/timeline/
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Fig. 3: Process flow model for card personalization that
illustrates multiple execution paths, including loops and
alternatives, within the personalization process.

CLOSURE spanning a total of 23 distinct activities. The dia-
gram reveals varied execution paths, including loops, repe-
titions, and alternative routes, which highlight the presence
of process variants as valid but different sequences of ac-
tivities within this single model. The event log comprises
7,526 traces. Each trace begins with the same initial event;
approximately 67 % terminate at one endpoint, while the
remaining 33 % reach the other. This dataset spans a con-
tinuous 30-day interval, providing context for analyzing
variant evolution. (see Table.I).

TABLE I: Summary of process characteristics

Attribute Value
Number of recorded traces | 7,526
Number of activities 19
Number of roles 12

Receive Application (100%)
Shipping (67%),
Case Closure (33%)

Dominant initial activity
Main final activities

Linear flow No (branched flow)
Role connectivity High
Time span of the log 30 days




B. Latent Representation and Segmentation

From the multiview encoding described in the method-
ological section (see Subsect.4.3), a fused latent space
was generated by combining the representations obtained
through independent autoencoders for activity, role, and
time views. This space was used to segment the traces
according to integrated structural and contextual patterns.

The SPECTRAL CLUSTERING technique [14], chosen for its abil-
ity to capture non-linear cluster structures without assum-
ing Gaussian distributions, unlike probabilistic methods
such as GMM, was applied to this latent space, resulting
in six differentiated clusters. The number of clusters was
set to six based on preliminary validation using silhouette
and Davies—Bouldin indices. Figure.4 illustrates the dis-
tribution of the 7,526 traces projected in two dimensions,
showing a clear separation among the generated groups.

Spectral Clustering in fused latent space
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Fig. 4: sPECTRAL CLUSTERING applied to the fused latent space.

Cluster 2 was selected for causal analysis due to its
greater dispersion, which indicated variability in trace struc-
ture and increased the likelihood of identifying diverse inter-
action patterns and context-dependent effects. To measure
cluster cohesion and internal dispersion, inertia and aver-
age distance were calculated. Table.Il presents these values.
Cluster 2 showed the highest inertia (62,960.63) and the
highest average distance (7.05)

TABLE II: Summary of internal metrics by cluster

Cluster Size Inertia Avg. Dist.
0 1332 62007.74 6.72
1 1217 22959.22 4.26
2 1220 62960.63 7.05
3 1290 52846.03 6.30
4 1198 58378.51 6.85
5 1269 45439.21 5.86

Subsequently, the role collaboration network associated
with the traces of this cluster was examined. Figure.5
shows the interactions between the process participants,
revealing a collaboration pattern centered on three activi-
ties: INTERMEDIATE STORAGE (role: Logistics Staff) and DISPATCH
PREPARATION (role: Shipping Coordinator). These transitions
indicate a key operational flow within the cluster. The
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Fig. 5: Role-collaboration network for cluster 2, derived
from the fused latent space.

operational variables of these activities, case volume, rejec-
tion rate, and relative duration, were selected to estimate
conditional effects according to the contexts of each cluster.

C. Causal Analysis and Heterogeneous Effects

Initially, the analysis focused on the activity INTERMEDIATE
STORAGE within cluster Co. The causal graph (Figure.6)(see
def.3) revealed direct relationships from Storage Tempera-
ture and Humidity Level to Damage Incidence, and from
the latter to Security Alert Level, detected by GES (green
arc) [11] and partially by PC + GES (purple arc) [10].

StorageTemperature HumidityLevel

- ”
Qs‘ ’l
014 D04
¥

Damagelncidence

-
| ]
.50
]

v

SecurityAlertLevel

Fig. 6: Estimated causal graph for INTERMEDIATE STORAGE.

Storage Temperature was set as the treatment and Secu-
rity Alert Level as the outcome; Humidity Level and baseline
Damage Incidence were used as effect modifiers to capture
operator variability. Figure.7 shows that, at humidity lev-
els between 47.1 % and 47.3 %, lowering the temperature
reduces the Security Alert Level by —0.30/-0.24 units (neg-
ative values indicate a reduction); with damage incidence
of 0.19-0.20, the decrease is —0.27/-0.26 units. The benefit
is concentrated at 40-60 % humidity (dispersion 0.16 be-
tween 50-56 %) and fluctuates £0.18 units when damage
ranges from —0.66 to 0.84.



Two critical scenarios stand out: 47 runs with mean
humidity 53.5 % and damage 0.84 show a positive mean
effect (+0.13 units), indicating that cooling under very
humid conditions can increase alerts; in contrast, 18 runs
with 46 % humidity and 0.17 damage show a protective
effect of —0.58 units!, indicating that thermal adjustment
reduces alerts only under relatively dry initial conditions.

Marginal Effect by Variable
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Fig. 7: Heterogeneous effects for INTERMEDIATE STORAGE.

Following the previous analysis, a second scenario was
evaluated within the cluster Cs, corresponding to the ac-
tivity DISPATCH PREPARATION. The estimated causal graph
is presented in Figure.8. It shows that Transit Time and
Customer Satisfaction directly determine Shipping Cost,
which in turn influences Delivery Success Rate; detected
by GES (green arc) [11] and partially by PC (red arc) [10].

DeliverySuccessRate CustomerSatisfaction
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Fig. 8: Estimated causal graph for DISPATCH PREPARATION.

Delivery Success Rate was defined as the treatment and
Shipping Cost as the outcome; Customer Satisfaction and

1The “Low” group median is —0.25; these extreme values lower the
mean.

baseline Transit Time were included only to reveal effect
variation. Despite an overall mean effect near zero (0.0007
=+ 0.0057), Figure 9 reveals pronounced heterogeneity: when
transit time is around 11.85 h, cost increases to 0.006 units,
but once transit exceeds 13 h, the effect turns negative
(-0.0025 units). Customer satisfaction exhibits a similar
pattern: cost rises near scores of 78-79, reaches a minimum
of —0.005 units around 82, and climbs to 0.006 units when
satisfaction exceeds 84. This trend holds across percentiles:
the first two quintiles show cost increases close to 0.004,
while the 60-80 % range concentrates the largest reduction
(-0.005 units).

The subgroup analysis shows that 48 observations (mean
satisfaction 85.2) incurred a cost increase of +0.012, while
74 observations with transit > 13 h saw a savings of -0.011.
Thus, increasing delivery success only reduces costs for
delayed shipments; in high satisfaction contexts, it increases
service costs.
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Fig. 9: Heterogeneous effects for DISPATCH PREPARATION

VI. DiscussiON & CONCLUSION

The results show that integrating the views of flow,
roles, and time enables the segmentation of the traces into
groups reflecting different operational conditions, allowing
the identification of specific causal relationships within
each segment. This form of analysis is particularly useful
for processes with dynamic components, where execution
conditions frequently change.

In contrast to other approaches that represent the orga-
nizational structure as fixed or summarized, such as those
proposed in [15], [6], and [21], the methodology proposed
here explicitly incorporates the temporal dimension. This
makes it possible to estimate the effects conditioned by
the operational context and to detect how factors such



as humidity, incidence of damage, or customer satisfaction
influence the intensity and direction of causal effects. These
nuances are difficult to capture through single-view meth-
ods. Additionally, combining different algorithms for causal
discovery yields broader and more stable causal graphs,
reducing reliance on a single method and enhancing the
coverage of the generated model.

This approach directly addresses the research questions
RQ.1 and RQ.2, demonstrating how temporal variability
affects execution in interdependent contexts and providing
a formal mechanism to identify and model causal relation-
ships in key process activities.

The integration of multiview encoding, latent segmen-
tation, and conditional causal analysis helps identify dif-
ferentiated behavioral patterns and supports operational
decision making with context-specific evidence.

A notable aspect is that this approach is not restricted
to a particular domain, which makes it applicable to other
organizational contexts characterized by high operational
variability and complex interaction structures.

This adaptability is especially beneficial for processes
designed to function in a standardized manner but exhibit
significant execution differences in practice. The ability
to decompose and model these behaviors using multiview
logic and causal relationships provides a robust alternative
to improve process monitoring, diagnosis, and adjustment
in dynamic environments.
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Chapter 4. Compendium of Publications

4.7 Causal Process Mining: From Interpretability to Causal
Explainability in Temporal Deviations

The final article distinguishes between structural interpretability and causal explain-
ability in temporal deviations. Interpretability is associated with the interventional
level (Ly) and focuses on understanding the topology of the causal graph by variant.
Explainability is linked to the counterfactual level (L3) and is oriented towards answer-
ing, in a traceable way, “what would have happened if..” questions in decisions about
process times (|SO.]]7 |SO.d; hQ.ZI, hQElI) By integrating both levels in a single analysis,
the work presents a causal process mining approach. This approach links structural
identification with the counterfactual interpretation of interventions. In the literature,
the result strengthens the connection between process mining and causal models by
offering an explicit way to translate causal graphs into counterfactual explanations
about temporal performance.
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1 Introduction

Process mining has become a key mechanism for improving op-
erations and guiding investments. In time-sensitive services (e.g.,
healthcare, finance, logistics, public sector), temporal deviations in-
crease costs, affect service-level agreements, and degrade user ex-
perience. Although event logs allow observing actual process flows
and their variability, translating these findings into actionable op-
erational decisions remains challenging. Managing improvement
initiatives requires explanations that connect observed phenomena
with specific daily operational decisions [1].

In this work, the focus was on temporal deviations. Each trace
o = {ey,...,en) was represented by events of the form e, =
(ax, tr, xx), analyzing intervals dg = fx41 — fx, where waiting times,
queues, and bottlenecks typically emerge. Each trace was summa-
rized with a robust score Y that aggregates these intervals. Recent
literature describes patterns and declarative rules for identifying de-
viations but often relies on correlations vulnerable to confounders
or mediators [2, 4, 5]. To overcome this, we adopted a causal ap-
proach, explicitly distinguishing temporal ordering from causal
dependency, thus enabling operational decisions to be explained
through explicit interventions.

We propose bridging analysis and practice in two stages: first,
causal interpretability, obtaining a graph that identifies influen-
tial variables and their role in congestion propagation [3]; second,
causal explainability, using the graph to assess actionable deci-
sions and their operational impacts via interventions of the form
do(T® = t), quantifying expected changes in deviations [6, 7].
Formally, the expected effect of these interventions was defined as:

Ot ) =E[Y | do(T® =1)] =E[Y | do(T® =1)] (1)

Where do(+) indicates the causal intervention and ¢ represents
the observable context before the event. We then showed how to
identify and estimate these causal impacts [6, 7]. Detailed temporal
analysis allowed locating specific interventions. The Performance
Spectrum revealed variability at the level of specific activities or
segments, identifying queues, batching, and operational shifts [8, 9].
This served as a local diagnostic tool for selecting segments for
intervention.

Finally, our work contributes: (i) extraction of causal graphs
per variant using algorithms (LiNGAM, PC, and GES) and domain
knowledge [3, 6, 7]; (ii) robust estimation of event-level causal ef-
fects [6, 7]; (iii) precise temporal localization using performance
spectra [8]; and (iv) explicit causal recommendations, providing
targeted interventions accompanied by confidence intervals and
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Figure 1: Process characterization: activity-based reading vs. flow-based reading. The left panel shows the temporal variability
per activity (traditional reading of the Performance Spectrum); the right panel shows the temporal deviations along the flow

(Atf1°V), highlighting the chaining of delays between transitions.

clearly stated assumptions [1]. To guide this work, we propose
three questions: how can process mining be combined with causal
techniques to explain temporal deviations, what causal relation-
ships drive these deviations, and how such explanations improve
operational decisions and interventions.

(1) RQ1. How can process mining be integrated with causal
machine learning techniques to identify specific causes of
temporal deviations?

(2) RQ2. What are the key causal relationships associated with
the temporal deviations observed in business processes?

(3) RQ3. To what extent does causal understanding improve
the quality and effectiveness of managerial decisions and
interventions in response to temporal deviations?

The document is organized as follows: Section 2 reviews related
work; and Section 3 describes the proposed methodology integrat-
ing process mining and causal inference. Next, Section 4 presents
and analyzes the main results, followed by the Discussion in Sec-
tion 5, and finally the Conclusions in Section 6.

2 Related Work
2.1 Temporal Deviations in Business Processes

In BPM, the focus shifted from structural to temporal aspects to un-
derstand deviations and support decisions. Rogge-Solti and Kasneci
applied a Bayesian detector on top of Petri nets. It identified im-
plausible co-durations and provided interpretable, structure-driven
signals [10]. In the same “time as a first-class citizen” vein, Pereira
and Varajdo organized absolute and relative constraints, enabling
validation of executions against policies [11]. Later, Senderovich
et al. proposed a temporal network based on Allen’s algebra. It

unified control-flow and performance, avoiding the biases of ana-
lyzing them separately [12]. Subsequently, Zhao and Zhou extended
modeling with TH-BPM. They added granularities and parameterized
signatures to accept or flag deviations with traceability [20].

In parallel, data-driven approaches emerged. Sontheim et al. de-
fined trace-level deviation profiles, which facilitated comparison
and grouping of executions [14]. When latencies did not follow sim-
ple distributions, Mavroudopoulos and Gounaris proposed distance-
based methods that were more sensitive to such cases [17]. For
collective anomalies, Richter et al. developed TOAD, which ordered
traces and detected micro-accumulations that are hard to see on
a per-case basis [21]. For concurrency, Bohmer and Rinderle-Ma
addressed multi-instance settings [13]. In evolving contexts, Richter
and Seidl presented TESSERACT to detect temporal drifts in stream-
ing, with alerts and threshold readjustment [16]. These techniques
did not infer causality explicitly. Even so, they provided signals
indicating where to experiment and intervene.

Several lines then connected detection and action. Saralaya et
al. studied temporal impact in service-based systems and proposed
SLA-oriented adaptations [15]. Chapela-Campa and Dumas modeled
extrinsic delays in simulation, clarifying sources not attributable to
resources [18]. To communicate patterns, Magallanes et al. offered
multi-level visualization [19]. Ouarhim et al. proposed continuous
improvement with right-real-time validation [22]. Taken together,
these contributions broadened temporal interpretability. Causal
explainability remained open. This work leverages those signals to
bridge temporal diagnosis and causal decision-making.

2.2 Causality in Business Processes

In the causal line, Qafari and van der Aalst proposed an SEM-based
scheme for root-cause analysis and developed a ProM plugin. The
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approach discovers the causal structure and estimates intervention
(“what-if”) effects on process indicators. The equational form and
associated DAG provide high interpretability. The cost is strong as-
sumptions: causal sufficiency, independence of noise terms, among
others [23]. As an extension, they incorporated feature recom-
mendation, including temporal aggregations, thereby reducing the
causal space and simplifying the SEM. Readability improved while
preserving intervention simulation. They identified “more under-
standable” diagnostics as future work, emphasizing practical in-
terpretability over mere technical capacity to infer causes [24].
In a complementary approach, Greg Van Houdt et al. presented
AITIA-PM. It formulates causal hypotheses using probabilistic tem-
poral logic (leads-to with windows), then tests those hypotheses
with significance tests. The output consists of probabilistic tempo-
ral rules, immediately readable by the analyst. However, it does not
construct a full structural model of the process [26].

From operations-oriented discovery, Zhiwei Xing et al. inte-
grated process mining with local graph learning. They used SMMB
under MAG to handle latent variables, identified airport service fac-
tors associated with delay, and marked bidirectional edges where un-
observed confounders were present. This helped prioritize actions.
The explanation remained at the level of local adjacencies, with
less detail on effect magnitudes and counterfactuals [25]. Finally,
Zahra Dasht Bozorgi et al. combined causal inference with rein-
forcement learning. They estimated CATE with intervals and applied
conformal prediction. The intervention decision was grounded in
the estimated effects and achieved faster convergence. The learned
policy, however, retained the inherent opacity of RL, so explainabil-
ity remained tied to signals (CATE and conformal sets) rather than a
detailed causal narrative [27].

3 Proposed Method

We propose a method for the causal analysis of temporal devia-
tions at the level of process variants (see Fig. 2). Unlike approaches
that treat all traces jointly (Section 2.1), we work per variant, and,
when appropriate, per clusters with similar temporal profiles, to
mitigate Simpson’s paradox and reduce biases from global signa-
tures such as those of Bohmer and Rinderle-Ma [13] and Sontheim
et al. [14]. The pipeline consists of: (i) extracting variants from
the log; (ii) constructing the temporal spectrum and clustering;
and (iii) performing causal analysis per variant-cluster with inter-
pretability and explainability metrics, so that the identification of
causal relationships is grounded in the objectives of each execution
pattern.

3.1 Event Log Derived from Planning

In this Stage (see Fig. 2) we propose deriving an event log from the
project plan in order to establish a temporal baseline on which to
capture process variants [28]. We represent the planned log LP'2"
as a multiset of traces o (see).

Each trace ¢/ = (e{ s eflj) describes a case in the plan, and
each event

ei = <casej’ Ak, [ts,k; te,k]’ Xk) (2)

Contains the planned activity ag, its time interval [#,g, to k], and
an operational-variables vector x. In a planning context, x might
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include, for example, the assigned resource or role, priority, ex-
pected duration, predecessor dependency, estimated cost, and load
metrics. From LPP" we discover the model [29] and, above all, ex-
tract the set of process variants V = {vi}f:1 where each v; is the
canonical sequence of activities anticipated for a subset of cases.
This variant-based representation allows us to reflect the plan’s het-
erogeneity and anchors the next step in the workflow: constructing
the spectrum and grouping similar variants (3.2), before applying
causal analysis within each group (3.3).

Working with the log derived from the plan makes explicit the
temporal commitments and dependency relationships encoded at
design time, thereby facilitating the identification of temporal devi-
ations and the interpretation of their impact in terms of schedule
and planned resources [11].

3.2 Temporal Vectors and Variant-Level
Clustering

In Stage 3.2, starting from the variants obtained in 3.1, we construct,
for each process variant V; = (o;)/L |, a temporal vector per trace.
For a trace o € £(V;), we compute the intervals between consec-

utive activities At] = t(ag+1) — t(ar) and normalize each interval
FADx]
median of that interval over V; and MAD(x) = median(|x — x|). We
use the modified z-score, rather than the standard one, because
real-world log durations tend to be skewed and contain outliers;
the median and MAD are robust to these effects, whereas the mean
and standard deviation in the classic z-score can be distorted.
The temporal vector of ¢ is thus

z}T = [Zm(Atf),..-,Zm(AtrT—l)] (3)

using the modified z-score z,,(x) = 0.6745 where X is the

Using the set {z{}5ex(v;), we perform variant-level clustering
via a Gaussian Mixture Model (GMM), which groups traces with simi-
lar temporal patterns without assuming strict linearity or separa-
bility [30]. This step distinguishes typical behaviors from deviation
patterns within the same variant.

We then select the cluster of interest as the one exhibiting appre-
ciable internal variability and high average displacements |Z| across
multiple components, indicators of sustained deviation. We project
its cases back onto the original log and apply the Performance Spec-
trum over {a;}.; of V;: we compare the cluster’s timings against
its variant baseline to identify activities whose segments display
shifted or elongated bands relative to the standard.

We flag for causal interpretation those activities that satisfy
both (i) |z7| > 7 in a significant fraction of cluster cases (with
typical threshold 7 € [2,2.5]), and (ii) persistent displacement in
the spectrum (e.g., above the 90th percentile for the variant).

3.3 Causal Interpretability and Explainability

In this stage, for each variant V; and cluster C;, C V; (from 3.2
via z;), we select focal activity a* and estimate a consensus DAG
guided by domain knowledge using the sub-log of C;,. With this
DAG, we interpret temporal deviations of a* and quantify interven-
tions on operational log variables. Unlike SEM on the full process,
our variant-cluster scope avoids blending variants, reduces aggre-
gation bias, and enhances causal interpretability while remaining
compatible with SEM in process mining [24].
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Figure 2: Scheme of the proposed methodology for analyzing underlying causal relationships in temporally clustered deviations
from a process variant through variants, spectrum, and causal analysis.

3.3.1 Causal Interpretability. In this step, the causal structure of
each cluster C;, is estimated from its operational-variables matrix
Dj, € R, whose vertices are V = { X; }le. By means of a consen-
sus among the algorithms M: LiNGAM, PC, GES [7], the consensus
graph E* is defined as

E* = -
g mes, ) i
(i) eE
Where fi = IIW S mem 1{i—k € E(™} is the vote frequency
of each arc across the methods in M, subject to the constraints
Dreq € E, EN Dgy, =, (domain knowledge as required/forbidden

directed arcs), ensuring a robust estimate that aligns with the prior
information.

Algorithm 1: Consensus Causal Graph Estimation
Il’lpllt ZDj’g € Rnxp, Dreq7 Dgp CV XV,
M = {LiNGAM, PC, GES}
Output:G* = (V,E*) with V = {X1,..., X, }

for each m € M do
L E(™ « edges discovered by method m on D,
for each (i,k) e VxV do
| fix = g Zmem H{i—k € EM)
E* « argmaxgcvxv X (ik)ek fik subject to Dreq C E,
ENDgy, =9
while G* = (V, E*) contains cycles do
(i*! k*) —arg rnin(i,k)Ecycle\Dreq ﬁk
E* — E"\{(i", k")}
return G* = (V,E¥)
note: An arc is included when its vote frequency fix > 0.55. Cycles
are resolved by removing the non-required arc with the smallest

fik- Hyperparameters: PC & = 0.05; GES: BIC score with penalty
A = 2; LINGAM: DirectLiNGAM.

From the perspective of causal interpretability, the obtained
causal graph allows each arc i — k to be understood as the direct
influence of variable X; on Xk, revealing the interaction dynamics

among variables and facilitating comprehension of how potential
interventions would modify the cluster’s temporal behavior.

Figure 3: Causal model for activity a showing operational
variable X/ influencing outcome X7, with activity parameter
0 and unobserved noise variables e¢Xi%, eX;?.

3.3.2 Causal Explainability. With gj , fixed for variant V; and clus-
ter Cj,, we move from structural analysis to what-if scenarios,
following the formulation of the do(+) — operator in Pearl’s struc-
tural causal models [31, 32]. We select a treatable variable T in the
context of the focal activity a* and the outcome Y = Y,+. The basic
query is E[Y | do(T = t)],

A(t,tg) = E[Y | do(T =t)| —E[Y | do(T =t,)].
For example, if T is the number of testers and #, = 3, comparing
do(T =5) versus do(T = 3) might yield
A(5,3) =E[Y | do(T =5)] —E[Y | do(T =3)| = -2 days,

indicating that adding two testers reduces the average approval
time of a” by two days. The adjustment set Z is chosen from G,
using the back-door criterion. Hence,

E[Y | do(T = 1)] =ZE[Y|T:t,Z=z] P(Z =2).

Figure 4 illustrates the mechanism. In the observed panel, C may
influence both T and Y (edges y, §), and T influences Y (edge f). In
the intervened panel do(T = t), incoming edges to T are removed,
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isolating the direct effect § on Y. The analyst then compares E[Y |
do(T = t)] with the baseline ¢y and decides where and how much to
intervene within (V;, C;,) on the activity a* that the performance
spectrum marked as anomalous.

Observed Model Intervention Model (do(T = t))

P
’

Figure 4: Causal model: in the interventionist scenario,
do(T=t) removes the influence of C; on T}, thereby isolating
the direct effect of T; on Y;.

4 Results
4.1 Dataset Description

An event log was derived from change plans and projects on prod-
ucts (components, platforms, and services) that included evolutionary
developments and the resolution of incidents subject to planning.
The log covered 1,261 traces (6,015 events), with eight standardized
activities distributed across six variants.
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Figure 5: Executed process extracted from the event log
and displayed as observed. It shows activities and their fre-
quencies; generated with the Celonis Platform (https://www.
celonis.com).
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Each trace had a median of five events and a median cycle time
of 46.6 days, measured from the first start timestamp to the last
end timestamp. Five roles and sixteen users participated during
the 2023-2024 period. Rework was observed in 22.2% of the traces,
consistent with negotiation and adjustment iterations inherent to
change management.

Table 1: Characteristics of the event log.

Metric Value
Traces (cases) 1,261
Events 6,015
Activities (distinct) 8
Variants (distinct) 6
Dominant variant (ID, proportion) 3 (62.3%)
Events per trace (median) 5
Trace duration (median, days) 46.6
Traces with rework (%) 22.2
Roles (distinct) 5
Users (distinct) 16

4.2 Executed model and variants

The executed model was reconstructed by integrating the paths
observed in the event log. From a process mining perspective, these
paths, referred to as variants, represent complete sequences of ac-
tivities that, when aggregated, allow visualization of the global
structure of the process (see Fig. 5). Six variants were identified in
total with the following frequencies: V; (98 traces), V; (97 traces),
V3 (786 traces), Vy (85 traces), V5 (99 traces) and Vg (96 traces), total-
ing 1,261 recorded cases. According to this distribution, variant V3
accounted for 62.3% of the traces analyzed, making it the most fre-
quent route in the reconstructed model. To justify selecting variant
V3 as the main focus of analysis, both its numerical representative-
ness and its temporal profile were considered. When analyzing the
intervals between consecutive activities within V3 (n = 786), the
temporal characterization summarized in Table 3 was obtained,
organized by median (days).
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Figure 6: Flow-level temporal deviation per variant (median |z|).

Table 2: Process variants statistics, ordered by median.

Variant n traces Mean Median p75 p9%  Max

4 85 0.829 0.805 1.016  1.260 2.335
3 786 1.018 0.789 1.204 1.825 5.909
5 96 0.821 0.788 1.056 1.198 2.771
6 99 0.819 0.724 0.896 1.247 3.275
2 97 0.796 0.720 0974 1.189 3.342
1 98 0.830 0.715 1.090 1.596 2.607
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Figure 7: Six variants were extracted from the execution model (Celonis). Variant 3, highlighted, was selected for its predomi-
nance (62.3% of cases) and for exhibiting the temporal pattern of interest.

4.3 Process Variant

Variant 3 was selected based on its representativeness (786 of 1,261
traces, ~ 62.3%) and its temporal profile, characterized by a de-
creasing gradient of delays between consecutive activities. The first
transition (COMPL-REV — USER-EVAL) exhibited the greatest delay
(median = 10.64 days; p90 = 16.39; SD = 4.42), while subsequent
transitions had smaller medians (8.05; 7.36; and 5.62 days). Time
normalization (original time, z-score, and MAD adjusted z-score) con-
firmed higher dispersion in this initial transition.
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Figure 8: Execution-time distributions by activity: minutes (left),
standard Z-score (center) and modified Z-score (MAD, right)

Table 3: Transition statistics (days), ordered by median.

Segment Med. Mean p75 p90 Std
COMPL-REV — USER-EVAL  10.64 11.49 13.17 1639 4.42
USER-EVAL — QUOTE-GEN 8.05 9.39 10.62 14.60 4.61
QUOTE-GEN — QUOTE-APP 7.36 810 872 11.03 2.83
QUOTE-APP — PLANNING 5.62 6.05 6.58 7.89 2.02

4.4 Cluster

Applying the GMM to variant 3 identified two subgroups: Cluster
0 (183 traces, 23.3%) and Cluster 1 (603 traces, 76.7%). Variability
analysis revealed higher heterogeneity in Cluster 0 (total variance =
4.44; intra-case = 2.60; inter-case = 1.84). Its dispersion in PCA space
confirmed atypical temporal patterns in the At vectors. Given this
variability, Cluster 0 was prioritized for causal analysis, emphasiz-
ing extreme cases and their conditions. A cluster comparison was
proposed to distinguish consistent patterns from episodic noise.

PCA of At vectors by cluster Variance explained per component
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Figure 9: PCA of At vectors by cluster (left; PC; 60.5%, PC; 18.1%) and
cumulative variance explained (right) (selected k = 2 by minimum
BIC.)

Component

4.5 Performance Spectrum

The Performance Spectrum for variant 3 identified the USER-EVAL
activity as the primary delay point. Using quartile segmentation
(03=5.2 days), critical cases (Q4) comprised 197 of 786 traces (25.1%)
with delays from 5.2-29.5 days (mean=10.1 days), versus normal
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cases (mean=2.1 days). Critical delays appeared recurrently without
clear seasonal patterns (max. 4 cases/month), indicating a persistent
structural bottleneck. Delays at USER-EVAL directly affected the next
transition (USER-EVAL—QUOTE-GEN), second slowest (median=38.05
days), amplifying downstream durations. Thus, USER-EVAL was pri-
oritized due to high frequency, significant delays ( 8 extra days
vs. normal), and temporal persistence. Extreme cases (e.g., case
820=29.5 days; case 499=27.6 days) provided specific instances to
examine underlying causes (capacity, reviewer availability, or miss-
ing inputs) for targeted interventions.

Parformance Spectrum
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Figure 10: Performance Spectrum — Variant 3. Vertical lines = ac-
tivity start times per case; cases with critical delays (Q4, >5.2 d) high-
lighted in purple (n = 786 traces).
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Figure 11: Waiting-time distribution at USER-EVAL (left) and timeline
of critical (Q4, >5.2 d) vs normal cases (right).

The Performance Spectrum operated as a bridge between de-
scriptive diagnosis and causal analysis: it enabled defining a pri-
oritization criterion that weights (i) recurrence of the deviation,
(i) magnitude of the wait, and (iii) downstream propagation in
the flow. Applied to activities, USER-EVAL concentrated the great-
est impact, consistent with a plausible accumulation mechanism
induced by complexity and volume of requirements that activates
testing hours and coordination. This yields operational, testable
hypotheses: set thresholds of numrequirements per service; monitor
the ratio (developmenthours + testinghours) /[ developers against the
baseline; and limit nummeetings per unit of effort. Framed this way,
the spectrum not only pinpoints the bottleneck but also informs
the interventions that are subsequently evaluated as do(+) in the
causal explainability stage.

4.6 Causal Interpretability

Applying the causal interpretability phase to the critical activity
USER-EVAL produced a causal graph that explains the operational
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sources of temporal variability (see Fig. 12), constructed under a
transparent consensus criterion described below. Variables derived
directly from the enriched process log reflect attributes specific
to the execution of this activity (see Sec. 3.1). The graph revealed
that requirement complexity (complexitylevel) causally determines
the number of requirements (numrequirements) and the number of
testers (numtesters), directly influencing the duration and delays
associated with the evaluation.

The selection of activity USER-EVAL responded to its critical role
within the persistent bottleneck identified in Variant 3, whose het-
erogeneity manifested clearly in the robust shifts observed (|z| > ,
where 7 denotes the robust cutoff with 7 € [2,2.5]) and persis-
tence above the pyy of the variant baseline. This focused analysis
preserves the process’ inherent variability and enables a localized
interpretation of the graph, thus facilitating specific and detailed
explanations of the operational sources of temporal variability.

From this more granular perspective, it is also observed that
the number of requirements causally affects the hours allocated to
development (developmenthours) and to testing (testinghours), the
latter directly influencing the number of meetings required (num-
meetings). This causal structure clarifies how interactions among
operational attributes generate the observed temporal variability,
clearly highlighting the underlying causes of the critical delays in
USER-EVAL.

The obtained graph was estimated by consensus among LiNGAM,
PC, and GES, incorporating domain knowledge via required/forbidden
edges (Dreq, Dgrp)- Each edge was retained when its vote frequency
exceeded the threshold (fix > 0.55), resolving cycles by removing
the non-required edge with the lower vote (Algorithm 1); the hyper-
parameters used are also reported (PC: (¢ = 0.05); GES: BIC (A = 2);
LiNGAM: DirectLiNGAM). This procedure provides auditability of the
decisions made, clarifying why each connection appears in the
figure and how its causal orientation was determined.

In structural-model terms, each edge (i — k) in the figure is
interpreted as the direct influence of (X;) on (Xi) in the focal activ-
ity, with specific parameters and unobserved noise terms (see the
schematic in Fig. 3). This explicit correspondence between topology
and mechanisms allows reading the graph beyond mere correla-
tion, coherently identifying which variables will be candidates for
interventions in the subsequent explainability phase.
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Figure 12: Causal graph obtained for the critical activity USER-EVAL,
showing how specific operational attributes explain the observed
temporal variability (fix > 0.55).
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4.7 Causal Explainability

Table 4: Causal intervention analysis results.

Variable Fact. Int. AN A% d Ben.
Arch. hours 27.21 29.06 185 6.8 040 No
Dev. hours 97.59 120.00 22.41 23.0 3.38 No
Developers 10.80  11.19 039 3.6 023 Yes
Meetings 10.94 12.25 131 120 1.26 No
Services 3.43 3.51 008 24 0.11 Yes
Test hours 44.59 51.17 6.57 14.7 1.50 No

note: d = Cohen’s d; Ben. = beneficial for the objective (reduced
duration/variability).

In this stage, an operational scenario defined by management was
evaluated, aiming to slightly standardize the complexity level (com-
plexitylevel) above the mean through functional agreements. The
causal analysis showed a shift of the system toward higher demand,
accompanied by growth in capacity (services, developers) and a
more pronounced increase in effort and coordination (developmen-
thours, nummeetings), as evidenced in Figure 13.

The intervention do(complexitylevel = u + A) increased devel-
opmenthours (+ ~ 19%), nhummeetings (+ =~ 17%), and testinghours
(+ = 21%), while the increases in developers and services were
modest. The growth in numrequirements (+ ~ 28%) acted as the
main mediator of the effect, shifting the balance toward less favor-
able temporal performance in USER-EVAL, since aggregate effort rose
faster than effective capacity (see Table 4).

The causal explanation is consistent with the graph structure:
complexitylevel — numrequirements, numtesters; then numrequire-
ments — developmenthours, testinghours; and finally testinghours
— nummeetings. These pathways extended the effective duration
of USER-EVAL and amplified process queues, confirming propagation
of the effect through effort-related nodes. Estimates were obtained
using the adjustment set derived from the DAG (back-door crite-
rion), which permits a valid causal interpretation under the model
assumptions.

In the evidence shown in Figure 13, the density panels and differ-
ence plots indicate that the series associated with capacity register
useful increases, although insufficient to absorb the rise in numre-
quirements. The evidence in Table 4 reinforces this asymmetry: the
larger increases in developmenthours, testinghours, and nummeet-
ings substantially exceed the increases in developers and services.
Operationally, a higher level of “green” does not necessarily imply
temporal improvement when capacity grows below the demand to
be processed.

As an additional verification, results held when varying the ad-
justment set within the DAG limits, reweighting by service size, and
excluding effort outliers. The mediation decomposition pointed to
a total effect dominated by the pathway complexitylevel — num-
requirements — (developmenthours, testinghours), with a bounded
residual direct effect. Concurrently, the absorption ratios (devel-
opmenthours + testinghours)/developers were consistently above
the baseline under the intervention, which is consistent with the
deterioration observed in temporal performance.

In summary, increasing complexitylevel above the mean without
prior constraints generated an imbalance between capacity and de-
mand. Numrequirements emerged as the dominant mediator, driving
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developmenthours/testinghours and increasing nummeetings. Conse-
quently, decisions should be conditioned on mediator-containment
metrics (e.g., thresholds of numrequirements per service) and on ca-
pacity absorption ratios (e.g., (developmenthours + testinghours)/ de-
velopers relative to the baseline). The results summarized in Fig-
ure 13 and Table 4 show that these ratios deteriorated under the
evaluated intervention, so the policy was not effective in reducing
temporal variability in USER-EVAL.
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Figure 13: Causal analysis of the do(complexitylevel = ;1 + A) in-
tervention on key operational variables. Distributions (factual vs.
intervention) and resulting differences (A) are compared to assess
the impact on temporal variability.

5 Discussion

The analysis confirmed that USER-EVAL concentrates significant tem-
poral deviations (Q4 > 5.2 days, mean 10.1 days), causing persistent
downstream bottlenecks. Additionally, other transitions, such as
COMPL-REV — USER-EVAL (median 10.6 days), showed a substantial ac-
cumulation of minor delays, globally affecting process performance
(RQ2).

These findings align with previous studies highlighting the im-
portance of managing critical stages with concentrated delays. For
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example, Bohmer and Rinderle-Ma [13] use temporal signatures
to detect early anomalies, while Sontheim et al. [14] identify de-
viations through detailed analyses of specific intervals between
activities. Although these methods face challenges in extensive
processes, they underscore the relevance of effectively identifying
and managing critical points (RQ2).

Validating our method using a log derived from planning arti-
facts (1,261 traces, 6,015 events, 8 activities, 6 variants) and focusing
the analysis on specific activities strengthens the reliability of these
results. However, the use of a single dataset limits generalizability;
future studies could replicate this analysis in different organiza-
tional contexts or extend the observation period to assess result
stability (RQ1).

Future research could also examine organizational factors such
as resource allocation or automation technologies to evaluate how
these interventions influence effective reductions in temporal devia-
tions. This would improve understanding of the causal link between
managerial interventions and operational efficiency (RQ3).

In summary, the precise identification of critical activities and
their causal relationships provides a practical foundation for tar-
geted interventions. Addressing these points directly offers genuine
potential for enhancing operational performance and optimizing
overall process management (RQ3).

6 Conclusions

This work integrated process mining and causal learning tech-
niques to identify and explain temporal deviations in business pro-
cess flows. The proposed methodology combines causal discovery
algorithms with event-level analysis, enabling not only process
interpretability but also concrete causal explanations of observed
deviations. Specific activities responsible for significant delays were
identified, and causal interventions quantified the impact of vari-
ables such as scheduled hours, complexity level, and number of
requirements on overall process duration.

Applying causal models proved effective for guiding precise op-
erational decisions, though extending the generalizability of these
results will require analyzing broader datasets and diverse organiza-
tional contexts. Future research could further explore how resource
allocation and automation technologies help reduce temporal devia-
tions. Ultimately, integrating causality into process mining provides
practical tools for optimizing operational management, reducing
execution times, and improving process planning efficiency.
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Chapter 5
General Discussion

Esta tesis establece un avance metodoldgico en Mineria de Procesos orientado a la
gestién de desviaciones temporales. Al integrar la jerarquia causal de Pearl, la in-
vestigacion supera las limitaciones de las técnicas puramente observacionales (L;) y
demuestra la viabilidad de niveles superiores de razonamiento para explicar y mitigar
ineficiencias operacionales.

1. Fundamentos estructurales (L; — Ly): El primer avance consistié en definir una rep-
resentaciéon estructural del proceso. Los trabajos [4.1] y [4.4}' revelaron la topologia
causal (DAGs), base necesaria para cualquier intervencién. El prototipo CaProM @
demuestra su utilidad: el monitoreo ya no se limita a detectar desviaciones, sino
que identifica su origen causal, lo que permite avanzar hacia modelos capaces de
intervenir.

2. Capacidad de intervencion (Ls): Sobre esta base, los articulos |[4.3]|, |[45}| y |[46}|
transformaron el modelo en una herramienta prescriptiva mediante el operador do(z).
La tesis demuestra que es posible estimar efectos antes de su ejecucién. El analisis
de efectos heterogéneos [4.6] permite identificar en qué contextos una intervencion
es mas efectiva, optimizando asi los recursos sobre una base causal.

3. Razonamiento contrafactual (L3): Los trabajos y incorporaron la capacidad
de responder a la pregunta: “qué habria ocurrido si”. Este tipo de razonamiento es
clave en entornos industriales que requieren trazabilidad y explicaciones claras. Las
explicaciones contrafactuales permiten auditar decisiones, asignar responsabilidades
y generar recomendaciones transparentes. La propuesta no solo mejora la eficiencia
operacional (Ls), sino que también habilita el aprendizaje retrospectivo del sistema

(L3).

Cada pregunta de investigacion contribuye a un nivel de la jerarquia. valida las
condiciones estructurales requeridas para avanzar més alla del nivel observacional (L;).
fortalece la interpretabilidad y consolida el nivel de intervencion (Ls). aborda
la explicabilidad de las estrategias de mejora mediante razonamiento contrafactual (Ls),
permitiendo simular y auditar intervenciones antes de su aplicacion.
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51 RQ.1

To what extent do temporal deviations in process variants affect the identification and
quantification of causal relationships among activities, resources, and roles in business
processes?.

5.1.1 Temporal Disaggregation as a Requirement for Causal

Validity

The results indicated that the validity of the inference depended on disaggregating by
variants and temporal clusters, because aggregation mixes populations with different
mechanisms and can induce Simpson’s paradox. This pattern was consistent at the
variant or cluster level and was not extrapolated beyond the group [4.1, sec.H], 4.4
ec.5.d, [E.S, sec. 43] Under assumptions of stability/SUTVA, ignorability after disag-
gregation, and positivity, and for the case analyzed, the triangulation of LiNGAM, PC, and
GES identified a DAG more consistent than the one obtained when groups were not sep-
arated [4.1, sec.B|, 4.4, sec.5.4], 4.7, sec.3.3]. The influence of latent confounders
was not ruled out [|4 1, sec.H), [4.7, sec.3.3]; consequently, explicit separation could
partially reduce this uncertainty.

The methodology required explicit separation by variant or temporal cluster to mit-
igate aggregation bias ([4.1, sec.B|, [|45 sec.4]) and to isolate homogeneous subsets
(la.5, sec.4.3], 2.7, sec.3.d]). TD were identified using the Modified Z-Score (median,
MAD), which is robust to heavy tails and outliers ([¢.5, sec.4.9]). Segmentation was
performed with GMM or spectral clustering in a multiview latent space (flow, roles, and
time) ([.7, sec.S.j], [|4.6, sec.4.3h). Additionally, the Performance Spectrum identi-
fied anomalous focal activities to guide intervention ([¢.7, sec.4.5h, [|4.7, sec.S.j]).

Given that time can act as a confounder or effect modifier (Chapter 2 secc(2.2.3.1)),
organizational mining was incorporated as a link between time and structure. This ap-
proach characterized role and resource interactions (handover, collaboration). defined
covariates, and specified adjustment sets prior to causal discovery [4.3, sec.B sec.d],
.7, sec.3.3. j] First, the interaction topology was identified to isolate heterogeneity
arising from work patterns (delegation, reassignment): subsequently, causal discovery
was applied to operational variables [|4.3, sec.Eﬂ, [|4.3, sec.q|, [4.3, sec.A]. The recon-
structed network made it possible to derive role and resource variables and integrate
them into the structural consensus and the adjustment sets, which improved the inter-
pretation of effects by subgroup [4.3 sec.é], la.3, sec.d], ”4.7, sec.3.3, sec.3.3.2.

Patterns of delegation and reassignment associated with changes in cycle time were
observed, consistent with the influence of organizational structure on temporal devia-
tions [EB2 sec.I-A]. For quantification, under identifiability assumptions, the analysis
was conducted within the (do(-)) framework [&.9); group-specific CATE were estimated
[@], .7 sec.3.3.j], cross-fitting with DML and ORF was employed, and confidence
intervals were reported. The effect size was interpreted based on the confidence inter-
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vals and the sample size; with wide intervals or small samples, conclusions remained
conditional [E.6, sec.4.4], Chapter 2 secc(2.2). In summary, disaggregation mitigated
mixing bias and stabilized the orientation of causal arcs within specific subgroups. pa
tially addressing RQ. 1 in its structural and quantitative dimensions [&.9], [4.6, sec.4.4].

5.1.2 Related Work (Causal Integration)

In the literature on temporal deviations, the primary focus has been locating anoma-
lies in L; (associative, see Table R.1|) through drift detection (TESSERACT) or outlier-
cluster identification (TOAD, distances) [57], [62], [58]. In temporal representation (TNR,
TH-BPM), control-flow is validated and modeled [53], [61], [65]. The compendium’s find-
ings aligned with that line and extended it by employing TD localization as a stratifica-
tion criterion for causal discovery on operational variables (roles, resources, complezity)
”4.7, sec.3.2ﬂ, la.7 sec.3.3h, 4.3, sec.B, sec.d].

In process-applied causality, comparing with the literature contextualized the re-
sults and highlighted advantages of the compendium’s approach for causal identification
and quantification.

(2) First, compared with SEM on aggregated tables, the literature using situation feature
tables models linearrelationships [67], [68], which can inherit biases in the presence of TD.
In turn, after disaggregating by variant or cluster, PC (conditional independences), GES
score-based), and LiNGAM (non-Gaussianity) were applied [4.5, sec.4.3), [|4.7, sec.3.3|,
]; lower exposure to temporal mixing was observed, conditioned on the level
of disaggregation and the assumptions of each algorithm.

(42) Subsequently, regarding temporal precedence (Granger) versus interventional in-
terpretation (do(-), CATE), Granger evaluates whether the past of (X) improves the
predictability of (Y) (precedence) but does not identify (P(Y | do(X))) or control for
confounding [72]. By contrast, in stratified DAGs, adjustment sets were identified and ef-
fects were estimated under (do(-)) with group-specific CATE using DML/ORF (cross-fitting)
[|4.7, sec.3.3.2], [£.6, sec.4.4], [], ignorability and positivity conditions were veri-
fied, and the effective sample size per group was controlled, enabling an interventional
interpretation of the results.

(437) In addition, regarding a single estimator versus cross-algorithm consensus, some
approaches rely on a single causal-discovery method. By contrast, LiNGAM/PC/GES were
triangulated, a consensus graph was constructed, and structural stability was assessed
via bootstrapping [4.7, sec.3.3, subsec.3.3.1], [4.5, sec.4.3], [|4.4, sec.5.4]; greater
structural stability was demonstrated than with individual estimators, although insta-
bilities persisted in arcs sensitive to sampling.

(iv) Likewise, regarding control-flow and temporal constraints versus operational levers
in the DAG, TNR and TH-BPM represent the flow and validate temporal constraints [53],
[61], [65]. Beyond that representation, role, resource, and complexity variables were
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integrated into the DAG as group-specific intervention levers [|47 sec.3.2h, [|4.3, sec.BJ
kec.d), [4.4, sec.5.4]; thus, the causal structure was linked to operational decisions,
according to the graph specification.

(v) Moreover, regarding isolated diagnostics versus an end-to-end route (detection,
explanation, and recommendation), driftdetectors localize anomalies [57]; 62]. Rather
than stopping there, Performance Spectra, DAG, and CATE were chained [#.7, sec.4.§],
[|4.7, sec.3.3.2|, [4.6, sec.4.4]; this made it possible to move from “where and when”
to “why” and “how much under intervention.”

(vi) As for assumptions, comparing assumptions implicit at the aggregate level ver-
sus assumptions made explicit by subgroups, in the compared literature assumptions
remain implicit at the aggregate level. In contrast, identifiability assumptions (SUTVA,
tgnorability, positivity) and non-extrapolation were delineated explicitly by group Chap-
ter 2 secc(2.2), [], this specified the domain of validity of the effects.

(vii) In organizational mining, contrasting aggregate flow/SEM with a_role-oriented
approach, aggregate-flow or SEM approaches describe global structures [53], [61], [67],
[68]. In contrast, handovernetworks were reconstructed and role-based metrics were
derived to inform covariates and DAG constraints [|4.3, sec.B, sec.q|, k.7, sec.B.j];
this linked organization and temporality.

(viit) Finally, regarding aggregate averages versus heterogeneity of effects (CATE), ag-
gregate analyses conceal sign reversals. Accordingly, CATE were reported by group
(coexistence of positive and negative effects) 4.7, sec.3.3.2], [|46 sec.4.4h; this sup-
ported the prioritization of group-specific interventions, documented with confidence
intervals and sensitivity analysis.

In terms of robustness, LiNGAM/PC/GES consensus (frequency voting with required-
edges) and bootstrapping were applied to estimate edge stability; the results indicated
greater structural coherence when stratifying [4.7, subsec.3.3.1||, [4.5, sec.4.3], [4.4
]. During estimation, cross-fitting was used, acknowledging multiplicity and
sample size by group; the presence of unobserved confounders, missing data, or mea-
surement biases was not ruled out, which conditioned generalization on these factors
Chapter 2 secc(2.2), [.1, sec.H], [69].

Regarding scope, these conclusions were limited to the defined groups (variant or
temporal cluster) and to the case study; extrapolation to other processes requires
additional replication and sensitivity analysis to latent confounders [¢.1, sec.B|, 4.6
]. Taken together, the evidence suggests that temporal disaggregation could
constitute an operational requirement to sustain causal validity in comparable contexts.
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52 RQ.2

To what extent does causal interpretability contribute to the understanding of tempo-
ral deviations by providing quantitative representations and structured explanations of
process flows?

5.2.1 Interpretable Directed Causal Topology

The results indicate that causal interpretability allows advancing from correlational
diagnostics toward a directional topology (DAG) of operational variables [&.1], [&.d].
Under this perspective, a structured basis is provided for managing temporal deviations,
revealing the causal hierarchy that conditions temporal effects and guiding managerial
decisions [l4.7, sec.B.i], ”4.4, sec.5.4h.

The causal topology operates as a central instrument. It establishes explicit direc-
tions: (X — Y') does not imply (Y — X)), thereby overcoming the symmetry inherent
in correlation [El]] As a case study, after disaggregation by variant—cluster, a con-
sensus DAG was estimated. This DAG prioritized USER-EVAL as a critical delay point and
allowed tracing propagation paths of deviations [4.7, sec.4.6]. This representation
connects diagnostics with scenario evaluation (do(-)) [4.7, sec.4.5). Furthermore, it
enables prioritizing interventions on operational levers, roles (R;), quantities (¢);). and
times (73). with explicit traceability of assumptions and identification ”4 .7, sec.3.3. ﬂ],

g, [14.3, sec.B, sec.Cﬂ.

5.2.2 Related Work (Comparison of Causal Topologies)

() From aggregated SEM/PAG to DAG per variant. In contrast to aggregated-data SEM,
which yields PAG (Partial Ancestral Graphs) and requires subsequent domain-driven orien-
tation rules [67], [68], the compendium adopts (i) disaggregation by variant—cluster and (ii)
a consensus-based, multi-method DAG. This consensus leverages arc frequency (arc (i — k))
is retained if it exceeds a threshold among LiNGAM/PC/GES)., complemented by uncertainty
estimation through bootstrap entropy (H (pi—k)). In [|4.7, sec.3.3, sec.3.3.]h, consensus
with domain restrictions was applied for traceability; in [l%.4, sec.5.élﬂ, unstable arcs were
additionally filtered via entropy. This procedure avoids mixing mechanisms and provides
an oriented, auditable topology to analyze temporal deviations. In contrast, SEM/PAG meth-
ods do not report multi-method consensus nor explicit arc uncertainty, limiting directional
interpretation and interventions [67], [68].

(43) PTL rules versus global network of interdependencies. PTL (Probabilistic Temporal
Logic) enables formulating probabilistic-temporal hypotheses over event sequences (“always,”
“eventually,” “until”) and testing them against the log. AITIA-PM [[7(] assesses each hypoth-
esis as a local conditional cause-effect rule (fized confounder), summarized by (equq), the
average change in outcome probability. This approach offers clarity and local statistical
significance but lacks a global process structure. Conversely, after variant—cluster disaggre-
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gation, the compendium estimates a DAG (LiNGAM/PC/GES) capturing multiple dependencies
and propagations. Thus, PTL validates local relationships with limited confounding control,
whereas the global DAG enables structural analysis and interventions (do(-)) beyond isolated

rules [|4.7, sec.B.B.ﬁ], [ﬂ]

(2it7) MAG/SMMB versus topologies without explicit latents. MAG (Maximal Ancestral Graph)
models causal relationships among observed variables, implicitly allowing latents represented
by bidirectional edges («); it preserves directed acyclicity and includes all implicit adjacen-
cies. SMMB (Sparse Maxz-Min Markov Blanket) locally identifies minimal informative parents,
children, and spouses for specific explanations [69]. These techniques are effective when latent
confounders are suspected but offer local scope without generating a globally oriented topol-
ogy. Instead of explicitly modeling latents, the compendium mitigates confounding through
variant—cluster stratification and covariate enrichment, estimating a fully oriented DAG pri-
oritizing operational simplicity and interpretability, acknowledging potential residual latents
and requiring sensitivity analyses [|4.7, sec.S.d], [|4.3, sec.B, sec.d].

(v) Uplift Trees versus generative structure. Uplift trees (models of causal-effect hetero-
geneity) segment populations to maximize differences between “treated” and “control” groups
via (U(z) =E[Y | T=1,X =2]|—-E[Y | T =0,X = z]), recommending subgroup-specific
actions and net-value metrics [[72]. Useful under ignorability, they offer operational segmen-
tation but do not ensure global structural coherence nor clearly distinguish mediation from
confounding. In the compendium, the generative structure (DAG) is first estimated to capture
directions, interactions, scenario evaluation (do(+)), and explicit identification; subsequentl
uplift segmentation can be integrated as a prescriptive layer coherent with this topology [
|sec.3.3, sec.B.S.j], [@]

53 RQ.3

How can interventions and improvement strategies aimed at mitigating temporal devia-
tions and optimizing role dynamics in business processes be explained in causal terms?

5.3.1 Causal Explainability

In the interventionist phase (L2), the articles included in the compendium relied on identi-
fying (E[Y | do(X = z)]) from observational data, provided the DAG topology determined an
adjustment set ((Z)) capable of blocking confounding between X and Y k.4, [lé_L .2, fig.2. ;]
This decision maintained explicit and auditable assumptions: the graph indicated which vari-
ables were adjusted, why, and where, anchoring inference to clear conditions [|4 .7,sec.3.3. ﬁ],
Chapter 2 secc(2.2.3.2). With this objective, the interventional query was rewritten using the
adjustment formula P(y | do(z)) =Y, P(y | , 2) P(z). Thus, the question "what happens if
we do X” was quantified (ATE/CATE) with historical data, respecting the causal mechanism
that justified the adjustment [|4.7, sec.3.3.2ﬂ, Chapter 2 secc(2.2.3.2).

On this basis, the thesis advanced toward Explainability through counterfactual reasoning
(Ls3). This step required two conditions: (i) structural coherence of the DAG, and (ii) identifi-
cation of the effect [ﬂ], [lzl .7, sec.3. a] With both satisfied, the CATE (7(x)) was estimated
using DML/ORF, where orthogonalization and cross-fitting reduced biases when measuring ef-
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fect heterogeneity [ﬂ], [lﬁ_l.G, subsec.a]. The abduction—action—prediction scheme operated
on a model with controlled confounding, such that the potential outcome (Y;) was justified in

operational terms (for example, standardizing complexity level in an engineering process)
without violating assumptions Chapter 2 secc(2.2.3.3), []

In summary, Lo provided the identifiable and auditable foundation for discussing effects
under (do(+)); L3 extended this foundation to reason about "what would have happened if...”

scenarios, maintaining the connection with the causal structure. With caution, interpreta-
tion was limited to strata and conditions declared by the graph and adjustment [@], [

fig.2.7), 4.7, sec.3.3., [&.4.

5.3.2 Causal Integration

The approach of the articles comprising the thesis expands the causal explainability of inter-
ventions (Lg) and counterfactuals (L3) by technically demonstrating how effects are derived
and justified compared to related works.

(2) In structural identification, studies based on SEM obtained PAGs that required domain
knowledge to orient arcs and focused on coefficients of structural equations ( [67], [6§]). In
contrast, the compendium comprising the thesis triangulated LiNGAM/PC/GES and obtained
a fully oriented consensus DAG [|4.7, sec.3.3, sec.3.3.]ﬂ, [|4.4, sec.5.4h, [|4.5, sec.4.3ﬂ;
on this DAG, the back-door criterion was applied to identify (E[Y | do(X = z)]) (L2) and
using the same structure, estimated CATE to support the potential outcome (Y,) (L3) [
Fig.21.

(i2) In the prescriptive dimension, uplift modeling prioritized the optimization of (NetGain)
through persuadable subgroups ( [71], [72]); in turn, in the compendium, effects under (do(-))
were first identified using the DAG (Lg2), and subsequently, CATE (7(z)) was interpreted as a
potential outcome (Y7), consistent with the intervention propagation through the network
(Ls) [|4.7, sec.3.3.2, [ﬂ] Thus, recommendations were grounded on causal structure,
not only on expected utility.

(i1t2) Regarding explanatory scope, MAG/SMMB and AITIA-PM prioritized local adjacencies
(Markov Blanket) or probabilistic rules (change (eqvq)) [69], [70]; they proved effective for
diagnostics (L1/L2), but their local approach limited propagation simulation. In contrast,
the articles comprising the thesis used a global DAG oriented by variant to project the ef-
fects of (do(-)) through mediators (L), and, with the same network, simulated long-range
counterfactuals (Lg) throughout the process ﬂﬂ], [|4.7, fig. lﬁ], [|4.77 sec.3.€$|].
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Chapter 6
Conclusion

This thesis establishes a methodological advance in the field of Process Mining oriented
towards the management of temporal deviations. By integrating Pearl’s Causal Hierarchy as
a guiding instrument, the research overcomes the barriers of purely observational approaches
(L1) and demonstrates the feasibility of higher levels of reasoning to explain and mitigate
operational inefficiencies with engineering rigor.

The empirical evidence accumulated through the seven publications of the compendium
validates the research hypothesis. It was demonstrated that the incorporation of structural
causal models (Ly) and counterfactual reasoning (L3) makes it possible to identify the root
causes of inefficiencies and to estimate ex-ante the impact of interventions. Specifically, the
results confirm three fundamental facts:

1. Need for Disaggregation: Aggregated analysis hides opposing causal mechanisms. It
was verified that disaggregation by variants and temporal clustering are indispensable
statistical preconditions to avoid fallacies such as Simpson’s paradox in process mining.

2. Effectiveness of Structure: The directed causal topology (DAG), obtained through con-
sensus among algorithms, offers a superior representation to correlation for distinguishing
between symptoms and true causes of delays.

3. Predictive Capacity of Interventions: The estimation of heterogeneous effects (CATE)
made it possible to quantify with precision how changes in roles or workloads affect cycle
times before their physical implementation.

This thesis contributes to the body of knowledge in two dimensions, aligned with the
specific objectives:

1. Methodological Contribution: A unified framework is established that elevates the disci-
pline through Pearl’s Hierarchy. The research formalized the bridge between Interpretabil-
ity (level Ly) and Explainability (level Ls), explicitly integrating the Organizational Per-
spective to model the interaction between roles. Likewise, the introduction of Deep Learn-
ing techniques (multiview autoencoders) for the segmentation of latent contexts represents
a significant advance in the precision of causal inference in complex environments.

2. Practical Contribution in Applied Engineering: An auditable decision-making tool is pro-
vided to industry. Through the CaProM prototype and its validation in real cases (banking
and software development), it was demonstrated that it is possible to reduce managerial un-
certainty. The system enables process managers to audit the logic of automated decisions
and to justify operational interventions based on traceable mathematical evidence.
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The validity of the results presents restrictions that delimit the scope of the proposed
solution. First, the reliability of causal graphs depends intrinsically on the completeness of
event logs; the presence of latent confounders not instrumented in the logs may introduce
bias into effect estimation. Second, although robust algorithms were used (LiNGAM, PC, GES),
the computational cost of causal discovery scales exponentially with process dimensionality,
which may require optimizations for real-time deployments. Finally, the interpretation of
counterfactual scenarios requires validation by domain experts to ensure the operational
feasibility of interventions.

This research opens new lines of development for intelligent process engineering, projected
along three fundamental axes:

1. Self-Adaptive Systems (MAPE-K): The integration of the causal framework within the
MAPE-K cycle (Monitor, Analyze, Plan, Ezecute, Knowledge) is proposed. This will allow
the current system to evolve towards an autonomous architecture capable of monitoring
deviations, analyzing root causes through graphs, and executing mitigation plans in real
time, closing the adaptive control loop.

2. Causal Reinforcement Learning (CRL): Future research may extend prescriptive capa-
bilities through Causal Reinforcement Learning. Unlike traditional RL, this approach
will allow agents to learn optimal intervention policies by distinguishing between spuri-
ous correlations and real causal mechanisms, accelerating convergence and robustness in
stochastic environments.

3. Causal Transportability: Finally, it will be possible to explore the transportability of the
discovered models. The goal is to transfer causal structures and effects learned in a specific
variant or context to new operational environments, determining which mechanisms are
invariant and reducing the need to retrain models from scratch.

Ultimately, this thesis closes the gap between data observation and intelligent action in
process management by deploying the Causal Hierarchy as the missing methodological link.
In doing so, it provides a rigorous solution for the governance of temporal deviations, trans-
forming a complex operational problem into a systematic source of organizational learning.
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Appendix

Collaborative Publications
Not Included in the Compendium

This chapter brings together a set of publications carried out in collaboration with researchers
from various institutions. Although external to the core compendium, these works address
engineering and data science problems in different application domains. Their inclusion doc-
uments the research trajectory developed in parallel, as well as participation in collaborative
initiatives and the sustained scientific production during the doctoral period.
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