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Abstract

Control-flow and resource assignment decisions influence business processes. Recorded process
data can be used to identify which decisions are informed by data to predict their outcome,
and to guide interventions as part of a what-if analysis. The latter requires causal models that
explain decisions. Yet, existing methods are limited: they focus on control-flow decisions only,
ignore potential confounders, and use ad-hoc methods to resolve causal conflicts. We fill this
gap, by introducing a causal decision modeling framework which uncovers confounding effects,
and captures resource decisions. Moreover, we provide a process-aware causal discovery
algorithm that takes process precedence into account. In addition, we employ domain
knowledge to include unobserved factors. We address the problem of identification, conduct
interventional outcome prediction and improve decision-making by acquiring unavailable
data to maximize the utility of interventions. We demonstrate the feasibility of our approach
through a set of experiments on synthetically generated and real-world datasets.
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Chapter 1

Introduction

Decisions play a central role in business processes [1]. They influence the outcome of individual
cases and, in the larger context, implement organizational policies. Methods to improve
decision-making, therefore, are vital to the success of organizations [2]. With the ample
availability of process-related data, the opportunity to develop data-driven decision support
has been widely recognized and methods to learn, predict, and prescribe decisions have been
developed [3, 4, 5, 6, 7, 8, 9].

Traditional approaches to data-driven decision support, however, are not grounded in
causal models. As a consequence, they cannot support accurate ‘what-if?” analysis and also
lack means to quantify the uncertainty associated with decisions. Rooted in the deciphering
of cause-and-effect dynamics from observational or experimental data, causal inference equips
researchers with the tools necessary for informed decision-making. To measure the true effect
of variables on an outcome (that could be a decision), the first solution is to run Randomized
Controlled Trials (RCTs). These experiments involve randomly assigning participants to
different groups, with one group receiving the treatment being studied and another group
serving as a control. By controlling for extraneous variables and using randomization,
researchers can confidently attribute any observed differences between the groups to the effect
of the treatment [10].

However, conducting Randomized Controlled Trials (RCTs) can be costly, time-consuming,
and sometimes impractical. Therefore, there is a need to leverage causal inference techniques
that can utilize observational data to infer intervention outcomes without the need for RCTs.
This underscores the importance of having a true causal graph that accurately models the
environment. Therefore, discovering such a comprehensive graph for business processes from
an event log, and utilizing it for analysis purposes, especially for decision support is crucial.

Only recently, first approaches to overcome these limitations have been proposed, such
as [11]. However, these existing techniques exhibit substantial drawbacks due to not taking
advantage of event logs, as the main input, to its full capacity; To begin with, the impact of
possible confounders is disregarded and the models are mostly limited to the control-flow,
which neglects decisions related to other process perspectives, such as resource assignments.
Additionally, most of the previous works neglect the temporal instinct of an event log as an



auxiliary tool in the causal discovery phase.

To illustrate the importance of the above aspects, Fig. 1.1 gives a BPMN model of a
process at a car dealership. Business Process Model and Notation (BPMN) is a graphical
representation standard for depicting business processes in a clear and consistent manner. It
provides a visual language composed of symbols and shapes that enables organizations to
map out their workflows, identify inefficiencies, and optimize operations. BPMN diagrams
offer a common understanding among stakeholders by illustrating the sequence of activities,
decision points, and interactions within a process. In a BPMN model, rectangle shapes
represent an activity in a process which usually leaves a trace in the event log after execution,
and arrows demonstrate the workflow of the process and structurize the possible paths for
cases. To demonstrate a workflow choice, an "x" symbol, divides an incoming arc to two
different paths. Additionally, a "+" symbol is used when two branches of activities can be
executed concurrently.

The process in Fig. 1.1 starts with an order (containing a price V') and ends with either
the rejection of the order or the delivery of the car. The process features several control-flow
decisions: D7 on the type of the customer document assessment; D, on the rejection of the
order; D3 on the type of pre-delivery inspection, and D, on the need for a technical fix. Also,
the process involves decisions on the assignment of resources, exemplified as D5 and Dg for
the feature inspection and technical inspection, respectively.

For this process, decisions D3 and D, have a large impact on the cycle time, due to the
duration of a complete inspection, in particular when involving a technical fix. Support
for decision-making shall therefore explore the factors that influence these decisions. Yet,
existing techniques to construct a respective causal model [11] neglect confounders such as
contextual variables and those that do, neglect the temporal order of events in a process, and
therefore, may not identify the true causal graph among multiple candidates.

In the given example, decision D; on the document assessment influences decision Dy on
the rejection, but not the decision D3 on the inspection. However, the order price V is a
confounder, influencing all three decisions. Existing work would ignore it and, hence, identify
a spurious causal effect of Dy on Ds3. Similarly, the resource assignment decisions D5 on Dy
influence decision Dy. Existing work cannot capture their effect, since the decisions do not
materialize as control-flow choices in the data. Both limitations severely bias the estimation
of causal effects, which leads to misleading analyses, as we later illustrate empirically.

Even if the most accurate causal model is obtained from data, still its validity is not
guaranteed. Certain hidden or unmeasured variables may still be overlooked in the resulting
causal graph, as we thoroughly elaborate in Section 5.1. The absence of these variables in the
event log may stem from their impracticality to measure or the high costs associated with
gathering them within the business process context. Nevertheless, these unobserved factors
could potentially be discerned through domain knowledge and subsequently integrated into
the established causal graph. The presence of latent variables in a causal graph presents the
challenge of identification of causal queries, which involves determining the computability
of a causal query given the current availability of data. None of the previous works have
addressed this potential scenario, and as a result, they do not propose a consistent procedure
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Figure 1.1: Running example: a BPMN model of a car purchase and delivery process.
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to utilize domain knowledge in their causal models, or address the subsequent issues that

arise alongside it.

Based on the aforementioned gaps, in this thesis, we propose a unified framework for
probabilistic data-driven decision support that enables modeling of causal structures to
analyse what-if? questions based there on. This framework is equipped with a novel method
for causal discovery tailored for business processes that leverages the temporal nature of
recorded events to discover a faithful causal structure containing all types of variables and
decisions. We also allow for manually incorporating latent variables, and identifying whether,
due to the inability to measure some of the features, data cannot fully support decision-
making. If this is not the case, our framework supports predicting the outcome under the
current running policy, or gaining insights about scenarios that are not observed in data,
estimating the effect of potential interventions by manipulating variables, that might lead
to improved decisions. Furthermore, we show how to analyse queries that turn out to be
unidentifiable, due to unavailable data for latent features. For such cases, we formulate a
data acquisition problem (DAP) and optimize it mathematically such that balances the cost
of acquiring data and the utility gained by it.

We summarize our contributions as follows:

(1) We introduce a model to facilitate probabilistic and causal reasoning for process decision
support. It goes beyond the state of the art by integrating potential confounders, namely
contextual variables, and enabling the inclusion of various types of decisions.

(2) We show how to discover instances of our model from event data on process executions.
Unlike existing approaches that separate the identification of process structures and
causal structures, we adapt a tier-based causal discovery algorithm for event data, thereby
seamlessly combining process mining and causal reasoning.

(3) We enable inclusion of hidden factors by domain knowledge in our framework, and
investigate cases where unavailable data for variables in a causal structure results in
unidentifiable queries. We propose a new technique for data acquisition to reach the most
utility gained from transforming unidentifiable queries into identifiable while considering
the costs and utilities associated to variables and queries.

We demonstrate the feasibility of our proposed main framework through a proof-of-concept
implementation. We then, establish the improvement achieved by our modeling over the state



of the art with a controlled experimental setup and illustrate scalability using a real-world
dataset. Furthermore, we implemented an extension to handle cases where hidden variables
exist, and then experimented it alongside solving the Data Acquisition Problem (DAP) on a
real-world dataset.

In the remainder, we first review the literature about causality and its applications
in business processes (Chapter 2). Based thereon, we carve out the research gaps and
characterize the problem of causal decision support for business processes. Following this, we
formally define the fundamentals in Chapter 3. Subsequently, we aim to define our causal
decision support framework including a novel discovery method from event log in Chapter 4.
In Chapter 5, we delve into the discourse surrounding unmeasured variables and propose an
optimization problem aimed at addressing the identification challenge. We then consolidate
all our contributions, evaluate their limitations, and conclude our study by offering insights
and suggestions for future research directions in Chapter 6.



Chapter 2

Literature Review

2.1 Causal Inference

In the realm of scientific inquiry, establishing causation represents a pivotal challenge, and
scholars have long grappled with the complexities inherent in drawing meaningful causal
inferences from observational data. Here we provide a brief review of works accomplished in
this domain which has guided this thesis.

Directed acyclic graphs (DAGs) have become widely studied and applied in causal
modeling and discovery [12, 13, 14]; their simple directed structure provides an interpretable
representation for causality and facilitates systematic learning procedures. Indeed, given
an infinite amount of observational data from a system of variables, there exist algorithms
capable of learning the set of DAGs equivalent to the true causal DAG [13, 15]. Accordingly,
any edge in common among the learned DAGs may be interpreted causally in the large sample
limit. This guarantee comes at the cost of several assumptions, including the standard causal
Markov, faithfulness, and the no unmeasured common causes—namely no latent confounding
assumption. The latter is generally referred to as causal sufficiency.

Causal structure discovery. The causal discovery problem consists in selecting a causal
graph as a possible explanation for a given data set [16]. More specifically, these algorithms
map the implications of a graphical separation criterion (d-separation) on DAGs to conditional
independence in the data [17]. Unfortunately, this process is underdetermined in the sense
that multiple DAGs may be consistent with the patterns of conditional independence in the
data. Therefore, these algorithms learn a set of equivalent DAGs, more precisely a Markov
equivalence class (MEC) and label any edge that varies between two or more of the learned
DAGs as causally ambiguous.

Discovery approaches are classified into two major groups. The first one, named as
constraint-based algorithms try to recover the causal graph by exploiting a set of conditional
independence statements (CISs) obtained from a sequence of statistical tests. This class
of methods translates conditional probability independence into graphical separation by
assuming faithfulness of the underlying distribution. Faithfulness suggests that the statistical
dependencies observed in the data are consistent with the causal relationships present in



the true causal graph. One of the most studied algorithm that leverages the CISs is the
Peter-Clark (PC) algorithm [13] with its variants [18]. A first extension of the PC algorithm to
the causal insufficient setting is represented by the Fast Causal Inference (FCI) algorithm [19].
Specifically, the FCI algorithm relaxes both the assumption of no latent confounding and no
selection bias in the observational setting, pushing the causal discovery problem a step closer
to real-world scenarios.

Score-based algorithms, the second class of discovery methods, are usually structured
around the maximization of a measure of fitness of a graph through a space of possible
graphs for the observed samples. The main difference between these two classes of learning
is that constraint-based algorithms tend to start with a fully connected graph and use
conditional independence tests to eliminate and orientate some of those edges. On the other
hand, score-based algorithms which include the well-established Greedy Equivalence Search
(GES) [20], Hill Climbing (HC) and TABU search, typically start from an empty graph
and iteratively modify the graph to increase its objective score. Hybrid algorithms, which
combine constraint-based and score-based methodologies, are also prevalent for mitigating
their individual drawbacks. Adaptively Restricted GES (ARGES) and Greedy FCI (GFCI)
are examples of hybrid methods [21].

Several recently published surveys have thoroughly summarized and classified causal
discovery methods and their properties, such as [21, 22].

Prior knowledge in causal discovery. In the field of causal machine learning, many
structure learning algorithms can be modified to account for causal knowledge that guides
search towards a preferred causal structure, or restricts the search space of graphs that can
be explored to those in which graphs contain or do not contain certain relationships. A
knowledge approach that guides, rather than restricts, structure learning is often referred to
as an approach that introduces soft constraints, whereas an approach that restricts learning
towards specific graphs tends to be referred to as an approach that introduces hard constraints.
Prior knowledge in any form could help resolving uncertainties about causal relationships,
thereby increasing the number of identifiable causal relationships. For instance, in [23],
variable types are used to determine the validity of causal relationships. Furthermore, [24]
shows that FCI, a causal discovery algorithm that can model latent confounding, is sound
and complete when given tiered background knowledge. This survey [25] introduces some
novel and also describes some existing, knowledge-based approaches that enables combining
structure learning with knowledge obtained from heterogeneous sources.



Table 2.1: Previous work on data-driven decision support (= denotes partial support).
Temporal: Utilizes temporal information. Vars: Incorporates contextual variables. Ident:
Addresses the issue of identification.

Methods Temporal Causal Vars. Ident.
Decision mining [3, 5] - . + ,
Resource Assignment Mining [28] - - ~ -

Decision Modeling & Notation (DMN) [6, 7] -
Fuzzy Decision Req. Diagrams (DRD) [8] -
Decision Requirements Graph (DRG) [9] -
Influence Diagrams (IDs) [29] -
Causal control-flow mining [11] +
Causal Rules from Event Logs [30] -
Root cause using structural eq. models [31] -

Q

+l+++2++2

+ [+ +

Framework proposed in this thesis + +

Another line of research has delved into examining the consequences of actions based on
causal assumptions represented in a Directed Acyclic Graph (DAG) and statistical knowledge
articulated through a probability distribution. Specifically, the focus lies on predicting
distributions for outcomes following actions, taking into account a set of measurements.
Pearl introduced the do-calculus as a comprehensive set of rules aimed at determining the
answerability or identifiability of post-action outcomes given current settings [17]. More
specifically, he argued that hidden, unobserved or unmeasured variables in a DAG could lead
to unidentifiable causal queries, where the true effect of an intervention may not be correctly
estimated with current probability distributions. Moreover, in the same vein, [26, 27] put
forth robust algorithms, namely ID and IDC| designed to estimate the effects of interventions
using a DAG as a causal graph and data in both unconditioned and conditioned modes.

2.2 Decision Support and Causal Analysis in Business
Processes

Our work relates to data-driven decision support (e.g., decision modeling and mining) and
prescriptive process monitoring. Below, we provide an overview of the respective literature,
and then in the next section we will outline the research gaps that our approach aims to
address (summarized in Table 2.1).

Decision support for business processes received much attention recently, fueled by novel
formalisms for decision modeling, such as Decision Modeling and Notation (DMN) [1], and
advancements in process mining [32].

Early work in the area discovers decision trees from event data to predict the next activity
and explain historical control-flow choices [3, 5]. Yet, the model does not include causal
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structures, and focuses on the prediction task, using only features available in the data. Other
work considers decisions related to resource assignments in processes [28]. Albeit probabilistic,
the approach disregards hidden variables, and does not consider interventions.

Models of business process may be refined with models of their decision logic (via DMN)
that are derived from historical data [7, 6]. These ideas have later been refined to incorporate
uncertainty related to decision outcomes through the discovery of fuzzy decision models [8,
9]. Yet, latent variables and, hence, identifiability of interventions are ignored.

To improve decision making, one may also adopt specialized Bayesian networks, known as
influence diagrams, and treat them as causal models [29]. Such an approach highly depend
on domain knowledge, assumes deterministic decisions, and does not take advantage of the
temporal order of event in the discovery task.

Recently, first approaches that aim at learning causal dependencies between variables that
may influence decisions have been proposed [11]. They align an Upper Bound Causal Graph
(UBCG) which is obtained from the process map with the outcome of a simple causal discovery
(PC) algorithm to reach a DAG. Although their causal structure is confined with the temporal
constraints extracted from the process, the framework ignores contextual variables, which
we demonstrate to be crucial in analyzing decisions. Moreover, their solution only focuses
on control-flow decisions, and overlook resource assignments, which are naturally embedded
into our approach. Additionally, the existence of possible latent variables is ignored, and
therefore, conclusions on identifiability cannot be reached with this framework.

Considering the broader context, beyond decision support, causal reasoning was employed
to facilitate root-cause analysis for business processes [30, 31]. The study by Bozorgi et al. [30]
demonstrated how a causal uplift tree can be mined to suggest recommendations on potential
controllable treatments to achieve a desirable outcome within sub populations. However,
their work primarily falls under rule-mining efforts rather than learning a causal graph that
comprehensively accounts for the relationships among variables. Qafari and van der Aalst [31]
presented a technique to discover eqational causal models. Although they included contextual
variables, they did not utilize the aid of temporal precedence and therefore, require domain
knowledge to select the true graph among the class of Markov equivalent graphs. Furthermore,
since they accept continuous variables, they rely on additional assumptions of the additive
noise. Moreover, prescriptive analytics that strives for interventions to improve process
outcomes adopts causal models [33, 34, 35, 36]. Here, causal dependencies are leveraged
to answer prescriptive questions, e.g., on the next action to minimize cycle times [33, 34].
However, in addition to their focus on different use cases, we note that the models adopted for
root-cause analysis and prescriptive analytics do not support conclusions on the identifiability
of the respective queries.

Research Gaps. Table 2.1 summarizes the methods close to our work, both from decision
support and causal inference. Based thereon, we identify the following research gaps:

o Many approaches in decision mining do not adopt causal modeling, thereby rendering
any estimation related to interventions potentially inaccurate.

e Only [11] has aimed to incorporate temporal information to discover causal graphs.

8



o Certain studies neglect to incorporate contextual variables into decision analysis, while
some others that do include them lack means for probabilistic modeling. Instead, they
assume that one configuration of contextual variables leads to a single decision outcome.

o All existing models, fail to consider latent variables and the problem of identifiability.

To address these gaps, in Chapter 4, we present a comprehensive framework for modeling
decisions in business process management, drawing upon causal theory [14]. Furthermore, we
expand upon this framework in Chapter 5, incorporating the analysis pertaining to unobserved
attributes.



Chapter 3

Preliminaries

In this chapter, we formally define the fundamentals required throughout this thesis. More
specifically, We begin by presenting crucial formalizations concerning causal modeling, in-
tervention, average treatment effect, and identification (Section 3.1), before delving into
the discovery of causal models (Section 3.2). Throughout this discussion, we underscore
the significance of employing a causal model to analyze decisions within business processes
utilizing the example depicted in Fig. 1.1. We also dedicate Section 3.3 to discussing the
knapsack problem for our data acquisition problem.

3.1 Causal Modeling and Reasoning

Causal Models. A causal model captures relations between variables and a joint probability
distribution over their values. We recall basic definitions using [14].

Definition 1 (Causal Model). A causal model is a pair (G, P) with:
e G=(V,E) being a directed acyclic graph (DAG) over a set of variables V. FEvery vertex
is a variable in' V, and there exists an edge (V;,V;) € &€, iff V; € pa(V}), with pa being a
function that returns the parents of a node V€ V; the parents are interpreted as the
direct causes of V.
o P being a joint probability distribution, such that

P(v,...,v,) = ﬁP(vi | pa(vy)) , (3.1)

i=1
which is a standard Bayesian network decomposition of the joint distribution.

The structure of the causal model of our running example from Fig. 1.1 is illustrated in
Fig. 3.1. The price of the order, variable V' influences the choices on the customer document
assessment (D7), on the rejection of the order (Ds), and on the inspection (D3). The document
assessment (D) also directly influences the order acceptance (D). Moreover, the resource
assignment for the technical inspection (Dg) influences the decision on the need for a technical
fix (D4)

10
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Figure 3.1: The DAG of the causal model representing the relations between variables of the
example given in Fig. 1.1; variable V' denotes the price of the ordered car.

We write P(v) to denote the probability that a random variable V' takes a value v, i.e.,
P(v) is defined as P(V = v). For a set of random variables V, aka a configuration, we write
P(V = v) to refer to P(V; = vq,...,V, = v,), for all V; € V. Considering the example
in Fig. 5.1 and focusing solely on the variables of the main process, we can write the joint
probability as:

P (dy, dy, d3,v) = P(d3 | v)P(ds | v, dy)P(d; | v)P(v). (3.2)

Using historical data, one can estimate each of the quantities and answer statistical (i.e.,
predictive) queries about the decisions in Fig. 3.1. However, interventional queries (‘what
would have been the outcome of decision Ds, if the price changes?’) cannot be answered
only using historical data and the decomposition in Eq. 3.2. Instead, one would require the
following notion of interventions.

Interventions and Causal Queries. An intervention is a deliberate change of the values
of some variables, usually to establish the causal effect of one variable on other variables. It
is represented by a do operator, with do(V = v) (or do(V = v) for a set of variables) denoting
that the value of variable (or set thereof) has been set to v. We consider interventions as a
modification of a causal graph G to a mutilated graph, G’, such that all incoming edges to the
intervened variables are eliminated, noting that the pre- and post-intervention distributions
are different. For an intervention do(V; = v;), the transformation corresponds to a truncated
factorization formula:

P(vi,... 0, | do(V; =) = { (3.3)

[z P (v | pa(vy)) it Vi = v

i
Eq. 3.3 reflects the removal of the term P(v; | pa(v;)) from the product of Eq. 3.1, since
pa(v;) no longer influences V;. We think of such an intervention as a causal query, formulated
as follows, for which we receive probabilistic responses on the changes in the non-intervened
variables:

P(T | do(I = i), (3.4)

with target T' € V and intervention I € V. As shorthand notation, we refer to a query as a
doublet ¢ = (T, I), using the symbol L to replace i in the absence of a context condition or
an intervention, respectively. We write Q(V) for the set of all possible queries over V.

11



Average Treatment Effect. An important quantity that measures the impact of an
intervention is the average treatment effect (ATE), which is defined as:

E[Y | do(T = 1)] — E[Y | do(T = 0)] (3.5)

where Y is an outcome, and T is a binary treatment (our intervention; it can be easily
extended to non-binary treatments). For the example in Fig. 1.1, we may wish to assess the
impact of setting D; = 1 (choosing the upper branch in the process model) on the expected
outcome of decision D,. Since Dy is also binary (reject or not), we can write the ATE as:

ATE =Y P(Dy = 1|Dy = 1,V = ) P(V = v)— (3.6)

— Y P(Dy=1|D; =0,V =v)P(V =v).

The two quantities (and difference) can then be estimated using historical data.

Identifiability. One may incorporate latent variables manually into the G in a causal
model due to recommendation of a domain expert. Consequently, denoting the new variables
as Vum and their corresponding new edges as &,,, the new DAG would be defined as
Gar = (VU Vi, E U Eum). Naturally, the probability distribution P associated to the causal
model pertains to )V and the probability distribution of V), is unavailable. In such situations,
the answerability of a causal query based on P is to be determined. We define the notion of
identifiability of an intervention, as follows:

Definition 2 (Identifiable Causal Queries). A causal query q is identifiable based on a
manipulated causal model (Gay = (V U Vi, E U Eum), P(V)), if

P(T [ do(I = 0)) = f(P (V)), (3.7)

i.e., the probability function can be computed from the observed variables with f being some
function over realized variables, V.

To ensure identifiability, the observed variables, summarized by the probability function
P over V, need to be assessed in the context of the augmented causal graph Gg, which
specifies (qualitatively) which variables participate in the determination of each variable in
the domain [14]. That is, both the data (summarized by a probability distribution) and the
causal graph are needed to decide whether a query can be answered.

3.2 Constraint-Based Causal Discovery

Given some observational data, causal discovery aims at uncovering the ‘true’ causal model
that generated the data [14]. Approaches for causal discovery can be divided into three
categories [37]: (1) constraint-based discovery, (2) scored-based discovery, and (3) learning
functional causal models (FCMs).

12



FCM-based methods are mostly suitable for data with continuous variables, and thus
are less suitable for discovery of decisions. Constraint-based methods conduct a series
of conditional independence tests between variables in a fully connected causal model to
eliminate (or allow) possible causal arcs. Score-based methods are a relaxation of constraint-
based discovery, where independence tests are replaced with goodness-of-fit tests: Instead of
searching for a graph that contains true independence relations, ‘good enough’ graphs are
discovered.

As highlighted in Chapter 2, a few works have studied the discovery of a business
process causal model [11, 31]. These endeavours predominantly leverage established discovery
algorithms from the causality domain and apply them to datasets sourced from event logs.
Despite the inclusion of recently developed advanced algorithms in these studies, the utilization
of supplementary prior knowledge derived directly from the business process itself has been
infrequent in supporting this task.

Without introducing any additional background knowledge, causal discovery can lead to
ambiguity in the resulting structure since different causal models may manifest the same
dataset. Therefore, we employ [25], an approach that allows to choose between constraint-
based and score-based methods and combines historical data with background knowledge in
multiple forms, e.g., temporal constraints over variables, and forbidden edges.

Tier-based causal discovery. Within the realm of knowledge-based causal discovery
techniques, tier-based discovery involves utilizing a table that indicates the time order of
variables, which can be partially specified, alongside the input dataset. The rationale behind
this concept involves introducing constraints to discovery algorithms based on the time
precedence of variables to streamline the search space. More precisely, it operates on the
premise that variables set after others cannot serve as parents to those variables in a causal
graph. It not only leads to a substantial reduction in computational costs but also results in
the exclusion of numerous potential outputs that do not align with pre-established conditions.

3.3 The Knapsack Problem

As we shall see in Section 5.3, we will propose a unique variation of knapsack problem to
optimize the Data Acquisition Problem (DAP) stemming from the identification problem
in causal models. Thus, in this section we summarize works related to this problem. The
Knapsack Problem (KP) has a rich historical lineage, with its earliest documented mention
dating back to 1896 [38]. In the 1950s, Bellman introduced the first dynamic programming
(DP) approach to tackle KP [39], marking a significant milestone in its algorithmic treatment.
Since then, KP has been the subject of rigorous academic inquiry, with seminal contributions
emerging, notably documented in works such as [40, 41]. The complexity and breadth of
knapsack variants, along with the wealth of associated research contributions, have led to the
publication of specialized literature dedicated to knapsack problems, exemplified by texts
like [42, 43, 44]. The Set-Union knapsack Problem (SUKP), introduced in [45], is the closest
variation of this problem to what we aim to propose later in Chapter 5.
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The knapsack problem asks for the selection of items from a set N with n elements, every
item j € N with a non-negative integer weight w; associated with it [44]. A subset of items
S C N is called feasible when ;¢ w; < c applies, where c is the capacity of a knapsack for
carrying the items. Additionally, a profit is incurred by choosing a feasible subset of items
and is measured through a properly defined function of N. The aim is to select a feasible
S C N which maximizes profit. The problem appears in distinct versions, each of them
characterized by a different type of objective function.
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Chapter 4

A Framework for Causal Decision
Support in Processes

In this section, we introduce a data-driven framework for causal decision modeling in business
processes. First, we introduce the formal model (Section 4.1), followed by an application
of the model to flow analysis (Section 4.2). Subsequently, the novel process-aware causal
discovery is proposed in Section 4.3 before the its evaluation on synthetic and real-world data
in Section 4.4.

4.1 Modeling Causal Decision Structures

We adopt a causal model to capture the decision structures of a business process as follows.
Following Def. 1, a causal model is a pair (G, P) of a causal graph and a probability distribution.
Specifically, the causal graph G = (V, £) is defined over the set of all possible business process
variables V that influence the execution of the process, e.g., control-flow decision points,
resource assignment decisions, and contextual variables (such as price in our running example).
The set of edges, &£, represents direct causal effects between those variables.

While we address the task of discovering the graph, G, later (Section 4.3), we note that
the estimation of P without interventions is a purely statistical problem that does not require
G. Yet, to learn the behavior of P under a do intervention, one requires to obtain the causal
graph first.

When modeling the decision structure of a business process with a causal graph, we
distinguish between decision variables, and contextual variables, as they play different roles
in any analysis. Specifically, decisions may disable other decisions, while variables cannot
be disabled and cannot disable decisions. Consider decision D, in the running example.
Choosing to reject the order will disable decision D3. This difference between decisions and
contextual variables is crucial as it calls for a different treatment and representation.

Decision nodes. Our aim is to model and analyze decisions from a given causal model.
To this end, we assume the existence of m decision points that correspond to m variables,
D ={D,...,D,} CV. Examples of decision points include the choice of the next activity
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from a set of activities when routing a case, choosing a resource to perform an activity from
a set of resources, etc. Decision points can be detected given a business process model e.g.,
via the method proposed in [6] for control-flow decisions. They can also be mined from an
event log, via standard algorithms for process discovery for control-flow decisions [46] or the
extraction of resource profiles to identify possible resource assignments [47].

A decision point D; € D takes values in a corresponding discrete bounded domain D;.
For instance, if D; is the decision on which resource will perform an activity (e.g., activity
‘Feature Inspection’ of our example), we can define the domain as D; = {Ry, ..., R;} with [
being the number of resources eligible to perform the task. For control-flow decisions, the
domain is given by an enumeration of the branches that are activated once the decision
has been taken. In our running example, all control-flow decisions Dy, ..., D4 happen to be
binary, so that their domain is represented as D; = {0,1},1 <i < 4.

Decision points may be evaluated more than once throughout the execution of the business
process. Reasons for that may be control-flow loops or several resource allocations that
happen as part of multiple-instance activities. In the remainder, we shall consider recurrent
decisions to be distinct decision points. For example, if a loop may take the process back to
a previous decision, we shall consider it to be a new decision point.

Contextual variable nodes. In addition to decision points, we also consider contextual
variables that may be present and have an impact on the outcomes. We consider the existence
of n contextual variables such that C = {V4,...,V,,} =V — D. Contextual variables of a
decision can include static case features that do not change during execution (e.g., the age of
a patient checking in at a hospital), dynamic case features (e.g., body temperature measures
of a patient), and inter-case features (e.g., the number of cases in the system). Each variable
V; takes a value from its domain V;, as we consider all of them to be discrete variables.

For dynamic variables, that potentially change with every event in the log, depending on
the causal value they add, multiple instances of them corresponding to their measurements
throughout the process must be incorporated into the causal model as separate nodes. The
arrangement of these nodes in terms of causal edges is determined by the causal discovery
algorithm explained in Section 4.3. In this case, for each dynamic variable V, there are @
measurements, V,1,...,V,,;,1 <4 <k with k being the maximal number of measurements
allowed for a variable.

In the dealership example, we focus on a single contextual variable, namely the price
of the ordered vehicle. While this variable is naturally continuous, its exact value can be
considered to be of minor importance for decision support. We therefore discretize it and
assume its domain to be {1,2, 3}, representing different price levels of the ordered car.

4.2 Flow Analysis for What-If Interventions via Causal
Decisions

Next, we demonstrate the usage of our causal model for decision support when computing
key performance indicators (KPIs), such as cycle time, and flow times between two events,
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under various interventions.

Without interventions, computing the cycle time, for instance, can be performed via exact
analysis by computing expectations of flow times using flow analysis [48], where a closed-form
mathematical expression of the expected values of a KPI can be obtained. To this end, one
would not require a causal model. However, if we are interested in an interventional analysis,
e.g., a what-if analysis on the impact of various decisions on flow times, one must use a causal
model in order to compute these KPIs.

Specifically, the computational formulae adopted in flow analysis will remain the same, but
the expected values that one plugs in are different. In fact, they dependent on the estimated
P of the causal model, in conjunction with the mutilated causal graph G’ (see Chapter 3).

We illustrate that this approach with our running example. Let X; be the duration of
activity ‘Detailed CDA’, and X5 be the duration of activity ‘Standard CDA’, and X3 be the
duration of activity ‘Deliver Car to Dealership’. Our KPI of interest is the expected flow time
F' between process start until the car is delivered or until the order is rejected. Without an
intervention on Dy, the flow time is, given by the following flow analysis expression:

E(F) = P(D; = )E(X,) + P(D; = 0)E(Xs) + P(Dy = 0)E(X;3), (4.1)

which are statistical quantities that can be easily estimated from historical data. Alternatively,
if we intervene on Dy, say by setting it to 1 (i.e., choosing detailed CDA) and wish to compute
the KPI again (thus measuring the impact of this decision), we get the following:

E(F) =E(X)) + P(Dy =1 | do(D; = 1))E(X;), (4.2)

which is a causal expression that cannot be computed without a causal model. However,
if we obtain the true causal model (see Fig. 5.1), we can turn this causal expression into a
statistical expression:

E(F) =E(X))+ Y P(Dy = 1|Dy = 1,V = 0) P(V = v)E(X3), (4.3)

which can again be estimated from historical data. This simple example emphasizes the
difference between causal quantities, and statistical quantities when computing the impact of
decisions on performance measures.

Flow analysis of pre-interventional KPIs can be performed easily using historical data as
it corresponds to the latter. However, post-interventional KPIs can only be computed using
a causal model.

4.3 Process-Aware Causal Discovery

In this section, we introduce a novel process-aware causal discovery algorithm. To achieve
this, we combine constraint-based discovery from [25] with temporal constraints that we mine
from an event log. These temporal constraints are fed into the constraint-based algorithm as
additional background knowledge. In this work, we consider two specific types of temporal
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Figure 4.1: Overview of our approach to process-aware causal discovery.

constraints, namely temporal tiers, and forbidden edges. The former type of constraints
corresponds to a set of time-ordered tiers indicate the ordering between the variables (decisions
and contextual data). Forbidden edge constraints are employed to ensure that variables that
always succeed others, yet do not fit into separate tiers, do not parent their predecessors.

Fig. 4.1 presents the steps of our discovery algorithm. Step 1 detects a partial order
over decisions, and constructs temporal tiers, such that each tier contains a set of unrelated
decisions. Step 2 adds forbidden edge constraints that enforce a temporal ordering within
tiers. Step 3 adds a subset of contextual variables from the event log into temporal tiers,
when the ordering between variables and decisions can be derived. All other contextual
variables remain ‘floating” without an assigned tier. Lastly, Step 4 employs the approach
from [25] to discover a causal graph, and post-processes the result to remove disabling edges,
i.e., edges that induce false causal relations between decisions. We shall now go over the four
steps in detail.

4.3.1 Step 1: Mining Temporal Decision Tiers

We start by running a partial order discovery algorithm on the event log to obtain the partial
order over all activities and decisions. Here, any algorithm to derive a partial order may be
used, for instance the one presented by Kourani and van Zelst [49]. Then, we project the
partial order on decision points, which yields a set of pairs of ordered decision points, PO, of
the following structure:

PO = {(D:, D), (Dy, Dy), ...} (4.4)

where (D;, D;) represents a temporal precedence between decisions D; and D;.

Using PO, we encode the temporal ordering among decisions into a disjoint set of tiers.
Denote by Tp = {t1,...,t;} the set of tiers, i.e., distinct sets of decisions, t; C D, 1 <i <k
with ¢, Nt; = 0,1 <i,j <k and i # j, that also respect the partial order:

vtz,tjl<j <Z>VDx€tsz€t] (Dx,Dy)EPO (45)

We construct the tiers Tp by performing a topological sort over the DAG that corresponds
to the partial order. The tiers are then constructed from the resulting strongly connected
components.
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4.3.2 Step 2: Adding Forbidden Edges

When constructing decision tiers some temporal constraints that may exist within the tier may
be neglected. To illustrate this scenario, consider the ‘Complete Inspection’ subprocess of our
example in Fig. 1.1, which includes two resource decisions, and a control-flow decision. The
top concurrent branch represents the ‘Feature Inspection’ activity, which can be executed by
multiple resources (Ds). Meanwhile, the bottom branch consists of the ‘Technical Inspection’
activity, also operated by multiple resources (Dg). After technical inspection, there is a
decision point regarding whether a ‘Technical Fix’ is required (D). The concurrency between
D5 and {Dy, D¢} leads to lack of ordering between the decisions when considering tiers.
However, from the temporal order in the log, we can learn that D, will never precede Dg.

We incorporate such knowledge into our approach by assessing whether there exists
an ordering between decisions within the same tier that is obeyed in all recorded process
executions. If so, we inject the obtained knowledge by imposing constraints on forbidden
edges that would violate the identified ordering. Specifically, we restrict the existence of edges
with an opposite direction with respect to time. In our example, we inform the algorithm
that the edge (Dy, Dg) is not permitted.

4.3.3 Step 3: Incorporating Contextual Variables into Tiers

Next, the ordered decision tiers T are expanded with contextual variables. Note that it
is not required to assign a tier to every variable. Some contextual variables may remain
unassigned.

Recall that C is the set of all contextual variables. We split this set into two disjoint sets
corresponding to static and dynamic variables, which we denote by C, and C,4, respectively.
To distinguish the two sets, we check the variable values throughout the recorded executions
in the event log. If for each case in the log, all the measurements of V, throughout the
execution represent a single unchanged value, variable V,, is assigned to C,; otherwise, it is
assigned to Cg.

Having established the two sets, we aim to extend our decision tiers Tp to a set of tiers
that would also include contextual variables. To this end, we create new variable tiers between
two consecutive decision tiers, which is captured by an extended set Tp y of tiers:

O ifi%2=0
Tp,y = {tier(i) | i € No,i < 2k} with tier(i) = {t_ lthz - (4.6)
# otherwise.

Based on Eq. 4.6, each decision tier (¢;) corresponds to a new tier in the final tier set,
t; = tier(2i — 1) € T y. In addition, we create a tier between decision tiers (from Tp), and
we can now assign variables from both C, and Cy to tiers.

Packing tiers with static variables. Static variables are case attributes for which the
value is set upon the start of case executions. Thus, they are placed into a variable tier that
precedes all decision tiers. In other words, we allocate all variables in C, to tier(0) € Ty .
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Packing tiers with dynamic variables. The dynamic variables are not as straightforward
to assign. Consider a scenario where we wish to assign a dynamic variable that we observe
changing z times throughout a case. We let V, ;,...,V, . be those z measurements. The
objective is to categorize each V, ;,7 =1,..., z into a tier in Tp y, necessitating an analysis of
its temporal ordering as captured in the event log. This entails recording the timestamp v,
corresponding to the measurement of variable V, ;, as well as the timestamps of the decisions.
For each decision tier, we ascertain the timestamps of the earliest and latest decision made by
bounding the preceding and succeeding activities that appear before and after the decision,
respectively. Subsequently, we evaluate 7y, , against this temporal ordering. If it falls within
the time range defined by the earliest and the latest decision timestamps for a specific t;,
then V. ; is allocated to tier(2i — 1) (a decision tier). Conversely, if it falls between the latest
decision timestamp of ¢; and the earliest decision timestamp of ¢;;;, then V, ; is assigned to
the variable tier identified by tier(2i).

It is important to note that the tier assignment described above is specific to the variable
within a single case. Therefore, there may be temporal inconsistencies when assigning
variables when considering multiple cases. Heuristically, we can assure that for a majority of
cases, the tier of a contextual variable is consistent. A solution to resolve these inconsistencies
in a more systematic manner is left to future work, though.

4.3.4 Step 4: Constraint-based Discovery and Post-processing

Having obtained T and the set of forbidden edges, we feed them along with the dataset
containing all variables into a constraint-based algorithm for causal discovery. The result is a
causal graph, that in conjunction with P (estimated from the data), can be used to analyze
and support decisions.

In some cases, control-flow decisions disable parts of the process. For example, in Fig. 1.1,
if decision D5 selects the bottom branch, the respective process execution will not face
decisions Ds, Dy, . ... This yields a deterministic disablement dependency between the values
of Dy and D3, which in turn produces a spurious edge in the discovery phase between D,
and D3, which should not be there according to Fig. 5.1.! Thus, to obtain an accurate causal
graph, we must pre-process the data table from Step 1 by adding null values to each of the
decision domains for decisions that can be disabled. Here, the outcome null signifies that the
decision was not faced during the execution of the process. Based thereon, we post-process
the result of causal discovery that we get in the current step by removing spurious disablement
edges.

To this end, we search for decisions that are always disabled whenever upstream decisions
take on specific outcomes (e.g., the rejection of an order). Specifically, we consider a decision
D; that is always mutually exclusive with a decision D;, which comes later in the ordering
relation, i.e., (D;,D;) € PO. Then, if 30 € D; : P(D; = null | D; = 0) = 1, we are
guaranteed that a deterministic causal edge will appear between D; and D;. In that case,

INote that this is a unique feature of the business processes domain that stems from the dependencies
between a given choice and its down-stream decisions.
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Table 4.1: Tables showing generative probabilities and the final tiers.

Expression Probability

P, 0.2
P(dy|v) 02 0.8
0.3 0.8
P(dzlv,di) | g 00 tier(0) tier(1) tier(2) tier(3)
(a) Probabilities used to generate data (b) Final tiers

We collect (D;, D;) into a set E,,;, and eventually remove E,,,; from the causal graph. Note
that multiple edges leading into D; may be removed, as multiple upstream decisions can

disable Dj;.

4.4 Evaluation

In this section, we first test the proposed approach on data generated from our running
example (Section 4.4.1). Furthermore, we compare our framework against the method
proposed by [11], to highlight the advantages of our causal model. Second, we apply our
approach to a real-world dataset, and show that it is able to uncover a causal graph, as well
as estimate the ATE for the corresponding decisions (Section 4.4.2).2

4.4.1 Synthetic Data for Running Example

First, we assigned conditional probabilities as in Table 4.1a, in correspondence with the
model presented in Fig. 5.1 and generated a tabular dataset that consists of 10,000 samples
across all variables. Then, we aimed to construct an event log that would correspond to the
running example. To this end, we utilized PM4Py [50] to generate event data from BPMN
models, using the process from the running example (Fig. 1.1). The choice probabilities in
the generative model depended on the previous choices and variables in accordance to the
tabular data, and the probabilities in Table 4.1a.

With a synthetic event log in hand, our objective was to execute our process-aware
discovery algorithm. To achieve this, we ran the steps in Section 4.3 and obtained the final
tier table presented in Table 4.1b.

For causal discovery, we used the Bayesys Package®, which implements the algorithms
n [25]. Our approach produced exactly the underlying causal graph depicted in Fig. 5.1 when

2An implementation of the proposed approach is available at: https://github.com/aliash98/
Causal-Discovery-for-Business-Processes
3https://bayesian-ai.eecs.qmul.ac.uk/
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Table 4.2: Causal effect table.

Process-Aware Causal Discovery  Approach from [11]

ATE of Dy on Ds 0.0 0.456
ATE of Dy on D, -0.283 -0.165

provided with the dataset, the tier table, and the forbidden edges constraints. In addition,
we removed the redundant edge between Dy and D3 (Step 4 in Section 4.3).

Utilizing this causal graph to estimate the Average Treatment Effect (ATE) of Dy on Ds
resulted in an estimate of 0, indicating no causal path from the treatment to the outcome.
However, the method proposed in [11], which assumes no additional confounders beyond
decision variables reported an ATE of 0.456, demonstrating a significant bias. Specifically,
the method in [11] failed to consider the absence of causal paths from D; to Ds; instead
it produced an erroneous ATE based on correlation. Moreover, employing CausalNez*, we
provide the ATE of D; on D in Table 4.2. Likewise, in this measurement the estimated ATE
is significantly lower than the actual one, due to the ignorance of [11] to the confounding
variable (V).

4.4.2 Real-world Data

To demonstrate the applicability of our method to practical problems, we conducted a test on
a real-world dataset. Specifically, we selected the ‘BPI Challenge 2012’ event log, published
by the IEEE Task Force on Process Mining, which pertains to a loan process [51]. Using the
inductive miner, we obtained a process model depicted in Fig. 6.1 in the Appendix, yielding
eight decision points. The decision data corresponding to each case was then collected into a
tabular dataset. Additionally, we included the static contextual variable, namely ‘Amount
Requested’, and discretized it into four labels along with the dataset.

Next, following the method described in Section 4.3, we extracted three tiers, with
{D3 — Dy} being a forbidden edge constraint. Again utilizing the Bayesys package, we
identified two causal arcs, namely discrtized__amount_req — Dy and Dy — Ds.

From [51] and the description of the BPI Challenge 2012 reports, we know that D; plays
a crucial role in determining which main branch the case will traverse. Returning to Fig. 6.1,
branch C indicates approval of the loan request, while branch D represents a rejection
thereof. We observe that as the requested amount increases, the likelihood of rejection
decreases. This trend could be interpreted as the bank’s inclination toward approving larger
loan applications. In Table 4.3, we present a summary of the results of intervening on the
discretized _amount_ req variable and its impact on the distribution of D;. Additionally, Dy
indicates whether another round of ‘Assessing the application’ is needed, while D3 determines
the same for ‘Seeking additional information during the assessment phase’. The causal

4https://github.com/mckinsey/causalnex
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Table 4.3: Distribution of D; after intervening on discrtized amount_ req

Branch of D
DISC_AMNT REQ ranch of

A B C D E

(from 0 to 5500) 0.1426  0.0072 0.2412 0.6088 0.0003
(from 5500 to 9500)  0.2538 0.0039 0.3170 0.4253 0.0
(from 9500 to 19000) 0.2966 0.0043 0.3357 0.3634 0.0
(

0
1
2
3 (above 19000) 0.3199 0.0058 0.3762 0.2981 0.0

influence of Dy on D3, with an Average Treatment Effect (ATE) of 0.513, signifies that the
repetition of the assessing task increases the likelihood of seeking additional information.

4.5 Discussion

In this chapter, we proposed a framework for causal decision support that overcomes sub-
stantial drawbacks of existing approaches (Section 4.1). Specifically, we showed how the
framework enables causal reasoning beyond the state-of-the-art, e.g., in flow analysis (Sec-
tion 4.2). We then introduced a novel end-to-end method for process-aware causal discovery
to facilitate the identification of causal graphs from event data (Section 4.3). It benefits from
the temporal order of events, includes both static and dynamic contextual variables, and
is not limited to control-flow decisions. Furthermore, we showcased the superiority of our
framework against the most sophisticated method currently available by experimenting the
calculation of the Average Treatment effect—a pivotal measure in causal inference—on a
synthetic data driven from a straight-forward process example. Finally, we demonstrated the
application and scalability of our approach through an experiment on a real-world dataset.
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Chapter 5

Unidentifiable Causal Queries in
Business Processes

In this chapter, we commence by elucidating the significance of latent variables and the
identification problem within business processes, using a motivating example (see Section 5.1).
Following that, we aim to formally integrate latent variables in the business process causal
model, and propose an algorithm that assess identifiability of a causal query (Section 5.2).
Finally, we introduce the data acquisition problem, aimed at determining the optimal approach
for acquiring data to maximize the utility derived from potential newly identified queries
(Section 5.3).

5.1 Identifiability in a Motivating Example

Example 1 - The Loan Application Process. We consider a loan application process,
where given a client’s credit score and the requested amount, the bank decides to grant
or reject the loan. Let D be the respective binary decision variable, with D = 0 denoting
rejection. The decision is determined by the requested amount (V;) and by the applicant’s
credit score (V3). For simplicity, we assume binary variables, with V; = 1 indicating a loan
request larger than $10,000 and V5 = 1 denoting a credit score greater than 600. In addition,
there is an unobserved factor, the client’s risk-taking profile, a binary variable with R = 1
being risk-tolerant, which influences the decision.

It is worth noting that the choice of variable types, discrete or continuous, does not impact
the results in the remainder of this section.

By assuming Fig. 5.1(left) to be the causal graph in the motivating example, we observe
that the requested amount (V;) and the credit score (V5) are two independent variables
causing the decision (D). Thus, we can write:

P (d,vi,v9) = P(d | v1,v2)P(v1)P(v2). (5.1)
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As an alternative, consider a scenario in which the value of V5 is the cause of V7,

i.e., applicants typically know their credit score before applying for a loan and adjust
their asking amount accordingly. Then, Fig. 5.1(middle) would represent the causal model of
the decision, which leads to a different DAG:

P (d,vy,v3) = P(d | v1,v2)P(v1|v2) P(v2). (5.2)

In a third scenario, we consider the unobserved variable R that captures the risk profile of
the client. In Fig. 5.1(right), it is considered with two directed edges to V; and V5, as a more
risk-tolerant applicant would request a larger loan amount and would have a lower credit
score. While this leads to the same probabilistic model as in Eq. 5.2, we shall see that the
causal interpretation will be different when considering interventions on some of the observed
variables.

In our example, using the model from Fig. 5.1(left), queries involving interventions on
either V] or V5 can be estimated via

P(D=1|do(V;=1)=P(D=1]|V,=1),ie {1,2}, (5.3)

where one can easily estimate P(D =1 | V; = 1) from historical measurements.

For the model in Fig. 5.1(middle), the estimation of P(D = 1 | do(Vy; = v)) yields
a different term. The directed edge from V5 to Vj renders V5 to be a confounder for the
two other variables. Using Pearl’s do-calculus rules, the non-causal path from V; and D is
blocked by conditioning on V3 [17], so that the query is identifiable and can be computed
from measurements of D, V;, and V2:

P(D=1]do(Vy=1)) = P(D=1|Vi = 1,Vy = 1)- P(V; = 1) -
FP(D=1|Vi=1,% =0)- P(V, = 0), o4

Yet, for the graph in Fig. 5.1(right), an intervention on V5 is no longer identifiable,
i.e., the query P(D = 1| do(V2)) cannot be answered, even with ample amount of data
measuring D, Vi, V5. Surprisingly, the intervention P(D = 1| do(V})) can be proven to still
be identifiable, despite the latent factor R, given by Eq. 5.4. This example emphasizes the
need to identify queries prior to their estimation.

For a business manager monitoring processes, understanding the genuine impact of various
factors on decision outcomes is of paramount importance. Our example serves to illustrate,
firstly, the crucial role of a causal graph in capturing the intrinsic nature of the decision-
making process when making inferences about interventions, such as the Average Treatment
Effect. Secondly, it underscores the undeniable impact that hidden or unmeasured factors
can have, emphasizing their significance in the overall analysis.
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Figure 5.1: Three causal graphs that could account for the loan request decision D.

5.2 Latent Variables in Business Process Causal Models

Having established the significance of latent variables in causal inference within a business
context, we aim to acknowledge unmeasured variables in the causal framework proposed
in Section 4.1. Employing the domain knowledge, we augment the graph G in our causal
model to include V,,, and &,,,, the set of unmeasured variables and its corresponding edges
needed to be incorporated into the business process causal graph. The new DAG accounting
for the process would be denoted as Gz = (V U Vi, E U Eum)-

In the motivating example proposed in Section 5.1, let us assume the Fig. 5.1 (middle) as
the discovered graph G from the set of observed business process variables V = {V}, V4, D}.
Therefore, G along with P which summarizes the observational dataset form the business
process causal model. Having the process reviewed by an expert, a set of unmeasured variables
Vum = {R} along with the corresponding edges &, = {(R, V1), (R, V2)} are incorporated
to the initial G resulting an augmented graph Gg = (V' U Vi, € U Eum), which is depicted
in Fig. 5.1 (right).

As pointed out in Section 3.1, the problem of identification for causal queries arises when
unmeasured variables are added to the analysis. In the following subsections we first propose
an algorithm to deal with the identification problem. Then, we aim to estimate the causal
query if the query turned out identifiable, and otherwise, we discover the possible options for
acquiring data that makes the query identifiable.

5.2.1 Identifiability and Estimation of Causal Decision Queries

We aim to focus on causal queries, in which the target is a decision variable D € D, the
intervention variable is not empty, i.e., I #.1, and identifiability should be reviewed, i.e.,
unmeasured variables exist. We refer to such queries as interventional decision queries (IDQs,

(Causal Check O\V
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-
g W

Figure 5.2: Identifiability and estimation.
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Algorithm 1 Identifying a query from a dataset.

1: function IDENTIFY(q = (D,C,I),Gp,V)
2: Gp,sm + ProjectToSemiMarkovian(Gp, V)
) Z, =0

3

4 if IDC(q,Gp,sm) is True then

o: return True, Z,

6: else

7 for A € P(Vym,p) do

8 Gp su < ProjectToSemiMarkovian(Gp,V U A)

9: if IDC(q,Gp gpr) is True then

10: Z,— Z,UA

11: end if

12: end for

13: return False, {Ae€ Z, | ABc Z,: BC A}
14: end if

15: end function

q = (D,I)). Note that if I =1, the query is predictive and not interventional, since it does not
induce a change to the causal graph. Such predictive decision queries can be answered using
standard predictive monitoring and decision mining methods, e.g., [52]. Since a historical
dataset summarized by P corresponding to observed business variables V along with the
set of unmeasured variables V,,, is available, we can assess the identifiability of the query,
as illustrated in Fig. 5.2. If the query turns out to be identifiable, we proceed with the
probability estimation.

Identifiability. Alg. 1 outlines our approach to check whether the query is identifiable. In
addition to checking the result, the algorithm returns a superset of variables that outlines
different ways to resolve the issue and achieve identifiability. Specifically, the so-called
adjustment superset, Z,, is a collection of n(q) variable sets Z, = {Z,1,..., Z4n(} and at
least one of the sets in Z, must be added to the dataset in order to identify the query. Each
set in the adjustment set is minimal, i.e., a set Z,; € Z, is not a subset of any other set
Z24i € 2q:J # 1.

The algorithm employs two methods from causal theory: (i) a semi-Markovian projection
of a causal graph, referred to as ProjectToSemiMarkovian in Alg. 1; it takes a causal graph
and a set of observed variables as input, and removes the unobserved variables from the
causal graph, replacing them with bi-directional arcs [53], and (ii) IDC, an algorithm that
identifies causal queries based on semi-Markovian causal graphs [26].

Here, for convenience, we extract the sub-graph including all the influential factors on D
from Gy, as follows:

Definition 3 (Contextual Projection). Given a decision D, the projection w(Gax, D) returns
a subgraph Gp = (Vp,Ep), where Vp contains all ancestors of D, and the set Ep contains
only edges from &€ that connect these ancestors.

We refer to the resulting graph as the business process causal decision model (BP-CDM)
and to Vp as the context of D.
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The following lemma ensures that the BP-CDM remains Markovian, i.e., the result of the
projection is a DAG.

Lemma 1. If G is a DAG, the subgraph Gp = 7(G, D) is also a DAG.

Proof. By way of contradiction, suppose to the contrary that the directed graph Gp contains
a cycle of length k — 1, (V1,V5), (Va, V3), ..., (Vk_1, Vk). Since m does not add new edges to
Ep, this cycle must have existed in G. Yet, G is acyclic. m m

In line 1 of Alg. 1, we project the original graph (Gp) into a semi-Markovian graph
(Gp,sam) using only the observed variables, V. Then, we employ the IDC algorithm to scan
the semi-Markovian projection, Gp s, and determine whether ¢ is identifiable (line 3). If the
query is identifiable, IDC returns true, making the output of Alg. 1 true, and the adjustment
superset empty Z, = () (line 4).

If IDC returns false, we consider every element A in the power set of all unobserved
variables, P(Vum,p) and test whether the addition of A would make ¢ identifiable (lines 7-11).
To this end, we construct the corresponding semi-Markovian graph with the addition of A
(line 8) and re-run IDC (line 9). Subsequently, in line 10, we collect the elements of the
power set for which IDC returns True into the adjustment superset Z,. After iterating over
the power set, we obtain the adjustment superset Z,, which may not be minimal. In line
13, we return False (as the original query ¢ is not identifiable), together with the minimal
adjustment superset. Here, we enforce minimality of each set in Z,.

Running Alg. 1 on ¢ = (D,do(V, = 1)) from Fig. 5.1 yields a False response, and an
adjustment superset, Z, = {{R}}, since there is only one possible adjustment set.

Estimating the effect of interventions on decisions. Having established the identifia-
bility of interventional decision queries, we now turn to their estimation using historical data.
Given an identifiable query ¢ = (D, I), we estimate its probability distribution as follows:

P(D | do(I = 1)) = (=,1)), (5.5)

with Z,; = z being one minimal set of variables on which we must condition to ‘remove’ the
do-operator and turn the causal quantity into an observational one.

In the motivating example, the query P(D = 1 | do(V; = 1)) can be estimated by
estimating each of the components of Eq. 5.4, e.g., using logistic regression. The latter can
be replaced by any other supervised learning approach.
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Figure 5.3: Data acquisition problem overview.

5.3 DAP: Data Acquisition for Unidentified Queries

In this part, we propose a data acquisition method as sketched in Fig. 5.3, which relies on
the business process causal model equipped with unmeasured variables. As elucidated earlier,
among all queries one can formulate given a causal model, depending on the existence of
hidden variables, some queries might end up unidentifiable. Therefore, we wish to acquire
additional hidden variables that would expand the set of queries that can be identified. In
the acquisition process, our goal is to balance between the utility we gain from identifying
additional queries, and the costs associated with measuring new variables.

We formulate the data acquisition problem (DAP) in the context of interventional decision
support and show that it can be viewed as a generalization of the set-union knapsack problem
(SUKP) [54], and as a new variation of the well-known knapsack problem. We also aim to
prove that DAP is NP-hard. Additionally, we aim to consider practical applicability of DAP
to real-world settings.

5.3.1 Problem Definition

Prior to defining DAP, we provide useful notation and problem primitives.

Assume that we are provided with the following three parameters: (i) a real-valued cost
mapping of acquiring a variable V', ¢(V) € RT; (ii) a data acquisition budget B € R (that
limits the total acquisition costs); and (iii) a real-valued utility function u(q) € R™ that maps
interventional queries to the expected benefit from their identification.® Let Q= be the subset
of interventional queries that cannot be identified from V. Thus, we aim to acquire a set of
unmeasured variables V, C V,,,, while limiting the total acquisition cost by B. Let Q(V,)
denote the set of queries from Q™ that can be identified by acquiring V,, i.e.,

OV, ={qeQ |IZ€ Z,: ZCV,}. (5.6)

In other words, every query in Q(V,) is ‘adjusted’ by V,. Moreover, the total utility of

5We discuss how one can obtain or compute these parameters in Section 5.3.2.
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identifying a subset of queries, Q, is defined as

qeQ
With this notation, we are ready to define the data acquisition problem (DAP).

Problem 1 (DAP). Find a subset Vo C Vyp such that the set of queries identified, Q(V,)
mazimizes the total utility U(Q(V,)), while remaining within budget, i.e., Yyey, ¢(V) < B.

Below, we prove the computational complexity of DAP, and then, provide an integer
linear programming formulation that solves the problem.

Theorem 1. The computational complexity of DAP is N'P-hard.

Proof. We only need to show that a relaxed version of the DAP is N'P-hard, i.e., the DAP is
at least NP-hard. If every query ¢ has exactly one adjustment set (special case of DAP),
2, ={V.,}, the problem reduces to the set-union knapsack problem (SUKP), which is known
to be N'P-hard [54]. Since a simplified case of DAP is SUKP, it must be at least as hard as
SUKP. To show that DAP is SUKP for single adjustment set per query, we consider queries
to be items to be collected into a knapsack. Each query ¢ is viewed as an item that has some
utility (u(q)), and is associated with a set of elements (the adjustment set of ¢) that must
be packed. Each element V' €V, , has a weight (¢(V)). SUKP aims to maximize the total
utility from collecting the items, while remaining within budget.

Integer linear programming formulation. In order to solve the problem optimally, we
provide an integer linear programming formulation of the DAP. It is worth noting that the
ILP problem is known to be A'P-hard in the general case [55]. Here, for short-hand notation,
we use lowercase letters for sets. Let z,,v C V,,, be 0 — 1 decision variables that equal 1 if a
subset v is acquired. Note that we can acquire variables up to budget B, and we will acquire
only a single variable set. We can precompute an indicator a,, = 1 if query ¢ is adjusted by
v (ie,3 Z e Z,: Z Cw). The ILP is given by,

Maximize S oulg) DY agers

qu_ 'Ugvum
subject to: Y =z, > ¢(V)<B
’Ugv'um VE’U
Z T, =1
vSVum

T, €0,1 VoCVy, [l
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5.3.2 Applying DAP in Practice

Next, we discuss two practical considerations when solving DAP. We start by introducing a
greedy heuristic that overcomes the computational complexity of the underlying knapsack
problem, and conclude the section by considering methods for estimating DAP’s parameters
in real applications.

Greedy heuristic. We propose a heuristic solution for DAP inspired by the greedy heuristic
for SUKP [54]. Let Ziota = Uyeo- 24 be the set of all adjustment sets. Moreover, let f,(Z)
be the total utility an adjustment set, Z € Z;,, yields by transforming a subset of queries
identifiable, U(Q(Z)). More formally, and let C(Z) be the total cost of the adjustment set.
In each iteration we order members of Z;,, in a descending order by f,(Z)/C(Z) and select
the adjustment set corresponding to the highest value that is within our budget B. Denote
this set by Z,4z-

First, we eliminate the adjustment sets that are associated with queries in Q(Z,,4,) from
Ziotal- Also, all subsets of Z,,,, should be removed from Z;.,;, and the new budget is the
previous value subtracted from C(Z). After each iteration, the size of Z;,4 reduces, and the
computation of f,(Z)/C(Z) and the subsequent ordering must be accomplished again. We
repeat these steps until the budget is exhausted or all queries become identifiable.

Estimating DAP parameters. DAP depends on three types of parameters: the costs,
the budget, and utilities. Estimating the costs of data acquisition is straightforward. For
each variable, there must be a data collection mechanism for which the induced cost can be
estimated. If the data cannot be acquired, then the cost will be set to co. Similarly, the
budget for acquiring new variables should be decided by the user of the approach. The most
interesting and nontrivial question is how to compute the utility of identifying a causal query.
The benefit from identifying an interventional decision query may vary and depend on the
application and the impact of the decision on the overall business process. We propose to
consider two sources of benefit from query identification:

o FEstimation using observational data. Identified queries can be estimated using observa-
tional data. Specifically, it allows us to save a costly or infeasible controlled experiment
to estimate the impact of do(I = i) on D. For example, to measure the impact of
changing credit scores on outcomes via a controlled experiment, we would need to
divide the applying clients into two sets (at random), and intervene on only one of the
sets. This can be a costly, and sometimes infeasible procedure. Alternatively, if we
can identify the corresponding query from observational data by acquiring information
regarding the risk-taking behavior of the user (e.g., via a survey), we may be able to
estimate the effect without requiring a controlled experiment.

o Effectiveness of decision-making. Accurately estimating the effect of an intervention
for improving our decision, we can save future costs. For example, if, according to
our estimation, reducing the loan amount compared to the sum that is requested by
a client can lead to the decision to grant the loan (as there is a higher chance of the
client returning it).
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Quantifying the two sources of utility requires a return-on-investment (ROI) analysis that
would demonstrate the impact of being able to estimate the query.

5.4 Evaluation

In this part, we start by providing details on the implementation of the algorithm in Section 5.2,
followed by an application of our approach to a real-world case study involving an emergency
department in Toronto, Canada.

5.4.1 Implementation

An implementation of the proposed approach (in Python) is available in a Github repository.
Specifically, we implemented Alg. 1 as follows. The ProjectToSemiMarkovian function was
implemented using the NetworkX library [56]. The IDC function was adapted from the
YLearn package.” After feeding the code with a causal graph, for an unidentifiable query,
our solution returns False together with the minimum adjustment superset required to
obtain identifiability as output. Moreover, after the algorithm correctly evaluates a query as
identifiable, it uses Bayesian network estimation as the corresponding statistical estimand.
Lastly, given query utilities, variable costs, and a budget, we heuristically solve the data
acquisition problem.

To validate the approach on a simple test case, we fed the algorithm with the causal
graph in Fig. 5.1 (right). We assume discrete probability distributions for each node and
generated the corresponding data accordingly (10,000 samples). Based on the statistical
estimand returned by the IDC algorithm, we first estimated it by using data statistics without
training a model (to be used as ground truth). Subsequently, we employed machine learning
models such as linear regression, logistic regression, and a built-in estimator from the Do Why
package [57] to obtain estimates for the various queries in the running example.

5.4.2 The Case of ED-Anonymous

After validating our algorithms on our running example, we turned to apply it to a real-world
scenario. ED-Anonymous is an emergency department of Anonymous hospital operating in
the city of Toronto (Canada). Patients are triaged by a nurse into 5 acuity levels, and then
move to an assessment by an attending ED physician. Based on a physical assessment, the
outcome of triage and the medical history, the attending doctor decides whether they call
for an additional examination by a consulting physician. The consultants work in different
departments (psychiatry, cardiology, etc.), and visit the patient at the ED when they have
time to do so.

Shttps://github.com/aliash98/BPM_CausalReasoning
"https://github.com/DataCanvasI0/YLearn
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The ED manager informed us that patients who were seen by a consultant physicians
had (often unnecessary) long cycle times (time between entry and exit), since consultants
are often delayed in their own wards and do not arrive to the ED for an examination in a
timely manner. In the first stage, we obtained an initial dataset that described patient visits
to the ED and verified that indeed, consult patients are delayed longer (regardless of their
triage code). Every patient visit in the data had event-related attributes, namely a unique
visit id, a patient id, an entry timestamp and an exit timestamp. In addition, we obtained
patient-related attributes, including the patient’s age, gender, triage code (how severe the
patient is on a scale of 1, most acute, to 5, most non-acute), the arrival mode (arrived by
walking or by ambulance), and a boolean variable ‘isConsult’ that equals 1 when the patient
required a consultant.

The intervention of interest that the ED manager proposed is to fix the triage score of
walking young adult patients (for ages between 18 and 30) to 5, since they are typically not
severe. The manager wished to measure the impact of the intervention on the probability to
invite a consulting physician for such patients. Indirectly, this intervention can reduce the
length-of-stay of patients in the ED, which is the key performance indicator measured by the
government.

After interviewing the ED manager, we obtained the causal graph that best describes the
underlying triage and assessment process (see Fig. 5.4). Gray nodes correspond to hidden
variables (Medical History and Physical Assessment), blue nodes correspond to variables
available in the dataset, and the orange node (Triage Score) corresponds to the intervention.
The red node, IsConsult, is the decision variable. The query of interest is in essence,

P(IC =1 | AM = ‘Walking' , 18 < AG < 30, do(TC =5)). (5.8)

Running Alg. 1 on the initial data we discovered that the query is not identifiable, and
that the two possibilities to identify it were to obtain the preliminary assessment data, or
to acquire the patient’s medical history. The outcome of the results of the preliminary
assessment (which is mostly a physical assessment) are always recorded by the information
system, yet, we were not given access to it in the initial dataset. Medical history is considered
highly private information, which was not accessible as part of our project. Thus, setting
C(MH) = oo, we get that the only feasible acquisition is to ask a data analyst in the hospital
to write an SQL query.

In the second stage, ED-Anonymous provided the preliminary assessment variable, and
we were able to quantify the query. In fact, comparing the effect of fixing T'C' to 5 for all
young adults arriving independently compared the current state of the ED can be computed
as the difference between two probabilities (each can now be estimated from the observational
data):

P(IC =1| AM = ‘Walking' , 18 < AG < 30, do(TC = 5))
— P(IC =1| AM = ‘Walking’,18 < AG < 30). (5.9)

Estimating the probabilities from data using maximum likelihood estimation we get that the
interventional probability of calling a consult is 0.0322, while the latter is 0.0791, which signals
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GE AG PA PA

AM - TC <« MH — IC TC « MH — IC
Figure 5.4: Left: the causal graph of ED-Anonymous; contextual variables: Age (AG), Gender
(GE), Arrival Mode (AM), Medical History (MH), Physical Assessment (PA); intervention

variable Triage Code (T'C); decision variable: Is Consult (/C). Right: The mutilated causal
graph after an intervention on TC and acquisition of PA.

a decrease in the need for a consultant in 4.7% of the times thus significantly decreasing the
length of stay of these patients.

5.5 Discussion

Throughout this chapter, we argued that in some processes, certain variables are inherently
hidden, rendering them impossible to record (Section 5.1). In some other cases, the absence
of critical variables are simply due to the lack of measurement. Nonetheless, we extended our
causal model framework to take additional latent variables, sourced from domain knowledge,
into account. We then developed an algorithm to investigate the identifiability of causal
queries in the presence of such variables. This marks the first instance where latent variables
and the identification of causal queries—a critical subject with a high potential impact—are
introduced to the community of business process management. Previous research in this field
primarily was conducted under the assumption of no hidden confounder, a premise that this
thesis convincingly demonstrates can lead to false results.

Following that, we proposed and implemented an algorithm to assess the identifiability of
a given causal query, and to return possible adjustment sets if the query is not identifiable.
We extensively discussed how our extended framework facilitates reasoning for identification,
prediction, and estimation.

Furthermore, we demonstrated how to address situations where queries are unidentifiable
due to unobserved data. For such cases, we formulated the Data Acquisition Problem (DAP)
as an optimization problem, balancing the cost of acquiring data with the utility gained from
it. We discovered that it represents a special variation of the knapsack problem that has not
been previously studied. After analyzing the computational cost of optimally solving this
problem, we proposed a heuristic to mitigate such costs in larger contexts.

Finally, we demonstrated the feasibility of the extension proposed in this chapter through
implementation and experiments on synthetic and real-world datasets.
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Chapter 6

Discussion and Limitations

Throughout this chapter, we establish the application and significance of the introduced
methods put forth in previous chapters. We first review the framework as a whole, then,
discuss each of its components to identify limitations and drawbacks and explore potential
strategies to resolve them. In the end, we draw a comprehensive conclusion and include
discussion of future work.

Framework overview. We introduced a business process causal model (Section 4.1), and
proposed a novel process-aware method to obtain it from observations captured in event log
(Section 4.3). It enables the cause-effect analysis of decisions, specifically when contextual
variables are recorded. We illustrated a potential application for flow analysis through our
running example when a decision directly influences a key performance indicator (KPI)
(Section 4.2). Additionally, as an extension, we proposed a method to augment the causal
graph with new variables not recorded in the dataset and developed an algorithm to address
the identifiability problem and ultimately estimate the identifiable queries (Section 5.2).
We also defined and analyzed the DAP, an optimization problem, to tackle cases where
unidentifiable queries exist, and multiple options for data acquisition exist to resolve this
issue (Section 5.3).

Business process causal model. The applications of a business process causal model
are not limited to what discussed before, and can be extended to broader contexts. All
discussions in Chapter 4 and Chapter 5, along with examples presented, focused solely on
atomic causal queries—indicating the manipulation of a single variable. However, with the
causal graph in hand, non-atomic interventions can also be accommodated. Furthermore,
more sophisticated causal analyses, such as conditional intervention or Conditional Average
Treatment Effect (CATE), may be facilitated by having a faithful causal graph extracted
from the data. To conduct such analyses, one should consider counterfactual analysis, which
relies on Structural Causal Models (SCMs) [10].

While variables related to Key Performance Indicators (KPIs) may not be directly included
in the causal model, they can be integrated into the causal graph. For instance, one could
calculate the cycle time associated with each trace and either include this data in the dataset
or manually add it to the model. This integration facilitates the direct measurement of the
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effect of interventions on KPIs.

Process-aware causal discovery. We leverage various types of information concerning
decision variables and temporal data encoded in timestamps within event logs, in the discovery
phase. By doing so, our objective is to reduce the uncertainty associated with the resulting
causal model. Among the few previous works that have explored causal dependence discovery
in business processes, none have capitalized on both contextual variables and temporal
knowledge in causal graph discovery. Furthermore, this work is pioneering in its field by
considering multiple measurements of dynamic variables within the causal model.

We initially limited our support to discrete variables as an assumption before conducting
causal model discovery. This may be viewed as a limitation, particularly because business
contextual variables, especially dynamic variables, may naturally be continuous (e.g., patient
temperature in the emergency room). However, we made this modeling choice because causal
discovery algorithms for continuous variables based on the additive noise assumption come
with certain drawbacks. Most notably, without specific assumptions on the noise distribution,
particularly non-Gaussian distributions, the algorithm may struggle to distinguish among
a set of Markov equivalent graphs [10, Chapter 4]. Conversely, if all variables are discrete,
according to [58], the additive noise setting requires no additional assumption to indicate the
causal direction between each pair of variables, and thus, a more robust conclusion could be
driven. Nevertheless, one can deal with continuous variables by discretizing them in the data
set while extracting them from event log.

Given that the discovery phase heavily relies on the data collected in the event log, incom-
plete event logs—those with missing measurements of contextual variables, for instance—may
lead to inaccurate causal models. As our framework does not support missing values in the
dataset, we recommend a preprocessing step on the dataset derived from the event log to
handle missing values using data imputation methods [59].

DAP. One limitation of the Data Acquisition Problem (DAP) is the potential challenge of
modeling utility functions for different settings. A previous work [60] has explored deriving a
measure for stakeholder utility that can be applied in a broad range of settings. Alternatively,
one could attempt to model utility functions based on the relationship between causal queries
and Key Performance Indicators (KPIs), as discussed in Section 4.2. Similarly, despite
the solutions suggested in Section 5.3.2, modeling the costs of acquiring variables with
respect to each other may still present difficulties. This problem has been widely studied in
similar settings; For example, [61] proposes formulations based on Support Vector Machines
for simultaneous classification and feature selection that explicitly incorporate attribute
acquisition costs.

Conclusion. In this paper, we argued that improving decision-making is essential for
the success of organizations and proposed a framework for causal decision support that
overcomes substantial drawbacks of existing approaches. Specifically, we showed how the
framework enables causal reasoning beyond the state of the art, e.g., in flow analysis. We
also introduced a new method for process-aware causal discovery to facilitate the discovery of
causal graphs from event data. We then, included the possibility of unmeasured variables into
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our causal model, handling the identification problem rising as a consequence. Furthermore,
we introduced a new technique for data acquisition to facilitate the estimation of the effect
of interventions for unidentifiable decisions. Finally, we demonstrated the feasibility of
our approach through an implementation, synthetic experiments, and a real-world dataset
application.

Future work. We intend to expand our framework by explicitly incorporating objective
functions and utility variables that can then be optimized. Additionally, we aim at adding
declarative temporal constraints into constraint-based discovery to improve the results of
the causal discovery approach. We also wish to test the approach on a real-world dataset
where the ground-truth causal graph and the true BPMN model are known. This would
demonstrate the accuracy and usefulness both of the proposed framework and of the discovery
algorithm. Additionally, we plan to move away from the current greedy approach used for
solving DAP, and instead implement a general dynamic programming solution and assess its
usefulness in real-world scenarios.
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Figure 6.1: BPMN model obtained by running inductive miner on BPIC 2012 dataset.
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