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Abstract. Prescriptive Process Analytics aims to support ongoing process exe-
cutions by guiding them toward desirable outcomes, which are usually measured
through Key Performance Indicators (KPIs). While the literature on Prescriptive
Process Analytics has focused on the exploration of different recommendation
techniques and tasks, the current efforts have so far largely focused on optimizing
a single KPI. However, real-world processes often involve multiple, interrelated,
and potentially conflicting KPIs, requiring an explicit treatment of their trade-
offs. This paper presents a framework that generates recommendations designed
to optimize multiple KPIs simultaneously, and that allows users to explore differ-
ent levels of trade-off among them. Our proposed framework jointly recommends
the next activity and its executing resource, which we call the next step recom-
mendation, aiming to balance multiple KPIs. Different strategies are proposed to
generate these recommendations, including one that utilizes a genetic algorithm
to efficiently explore the search space of viable options. This is particularly ef-
fective in domains with a large number of resources, which lead to a significantly
extensive space of possible recommendations. Experimental results demonstrate
that our multi-KPI approach achieves favorable trade-offs among partially con-
flicting goals, while minimizing the degradation of each individual KPI compared
to single-objective optimization.

Keywords: Process Mining · Multi-objective Optimization · Prescriptive Process
Analytics

1 Introduction

Prescriptive Process Analytics (PrPA) [23] aims to provide decision-makers with ac-
tionable insights to prevent “risky” process executions from resulting in undesired out-
comes, or to optimize specific aspects of ongoing process execution, such as minimizing
execution time or maximizing profit. The field of PrPA has gained increasing interest
in recent years, employing a variety of techniques and targeting different prescription
types (cf. Section 2).

Existing approaches have predominantly addressed situations where recommenda-
tions aim to improve one specific Key Performance Indicator (KPI), such as avoid-
ing undesired outcomes (e.g., an application rejection) or reducing time or cost. How-
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ever, in real-world scenarios, multiple KPIs are typically relevant for process optimiza-
tion, and they are often interdependent and sometimes conflicting. For example, hos-
pital managers may seek policies that shorten patients’ hospital stays to reduce costs
while still maintaining, or even improving, post-discharge outcomes, such as lower re-
hospitalization rates, even though these two goals may be in conflict.

It thus follows that identifying an appropriate trade-off among the different KPIs
becomes essential, as the optimal trade-off between multiple KPIs depends on many
extrinsic factors, such as the process domain or the given process variability.

Many existing works have overlooked this aspect, and only a few have attempted to
address the multi-objective nature of business process optimization problems by defin-
ing complex KPIs that combine multiple factors [6]. However, even these approaches
typically rely on predefined formulas to merge objectives, without investigating the in-
trinsic trade-offs between them, or allowing users a method in which these trade-offs
can be explored within the process.

In this work, we take a first step toward addressing this gap by proposing a frame-
work for prescriptive process analytics in a multi-KPI optimization setting, explicitly
accounting for the trade-offs among competing KPIs. In this way, decision-makers can
explore different trade-offs between the KPIs and determine which prescription best
suits their requirements. We frame the prescription as a combined recommendation of
both activity and resource, which we call next step recommendation, which has already
been shown to be effective in improving time-oriented objectives [24]. Given the po-
tentially very large search space for this type of recommendation, especially when hun-
dreds of resources are present in the event log, the problem of computational scalability
is also addressed within this paper.

The contributions of our work are as follows: (i) a new multi-objective framework
for process next step recommendation, enabling simultaneous consideration of multiple,
potentially conflicting KPIs; (ii) an efficient technique that employs a genetic algorithm
to efficiently navigates the search space of activity-resource pairs, while preserving the
effectiveness of the recommendations; (iii) extensive experimental evidence demon-
strating that multi-objective optimization can effectively balance partially conflicting
objectives.

The remainder of this paper is structured as follows: Section 2 discusses the related
work in prescriptive process analytics. Section 3 introduces the background concepts,
and Section 4 proposes a framework that leverages the prediction-based approach for
generating recommendations. The case studies and the evaluation setup are described
in Section 5, while Section 6 reports the results and their limitations. Finally, Section 7
concludes the paper by summarizing our contribution and discussing future directions.

2 Related Work

In the field of process mining, PrPA has gained significant attention over the past
decade [23]. Earlier approaches focused on recommending the next activity to execute
by leveraging available data payloads and basic forms of counterfactual reasoning [20],
aiming to improve overall business process performance. Subsequently, in parallel with
the rise of prediction-based methods [26], the focus of PrPA expanded toward anticipat-
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ing which ongoing process instances might lead to unfavorable KPIs [38]. These devel-
opments enabled the prescription of corrective actions and investigations into optimal
intervention timing [18], also providing general guidance for process continuation [10].

Growing adoption of machine- and deep-learning techniques has enabled the en-
hancement of prescriptive capabilities [29, 41]. Research in this phase explored the in-
tegration of causal inference [4,5], reinforcement learning [6,28,36], and white-box ap-
proaches [33,37]. Additional progress was achieved by exploiting correlations between
temporal relations [13], resource behavior [35], and enhanced computational efficiency
through gradient boosting [33, 37].

Recent advancements have focused on approaches that optimize a given KPI through
recommending the optimal resource allocation [27], or jointly recommending both the
activity to perform and the resource responsible for its execution [32], also accounting
for resource experience curve [34]. Moreover, recent work has begun to integrate Large
Language Models to enhance the interpretability of recommendations [22].

Prior decision-support framework has leveraged Business Process Simulation (BPS)
and visual analytics to facilitate the manual exploration of complex, context-aware
“what-if” scenarios [3]. Recent approach combines generative AI and BPS to synthe-
size these scenarios while preserving all process constraints [8]. Since the evaluation
of these scenarios relies on BPS, their effectiveness depends on the accuracy of the un-
derlying models. Consequently, recent study focuses on explicitly modeling extraneous
activity delays [9], and using online discovery methods to ensure simulations remain
robust in evolving process environments [40].

Despite these advancements, current PrPA frameworks primarily aim to optimize a
single predefined KPI, often at the cost of other relevant dimensions that are neglected
in the recommendation process. Even previous works, such as [6], which consider mul-
tiple process aspects, including time and control flow, combine them into a rigid KPI
definition with a specific interpretation (e.g., profit), without allowing the exploration
of different trade-offs between objectives. To address this limitation, the present work
introduces a framework that optimizes multiple KPIs simultaneously, weighting their
relative importance according to user-defined preferences.

3 Preliminaries and Problem Definition

In this section, we introduce the basic concepts required to understand the remainder of
the paper.

3.1 Event, Traces, Event Log

An event log L is defined as a collection of execution sequences of a business process,
known as traces. Each trace σ consists of a series of chronologically ordered events,
σ = ⟨e1, e2, . . . , en⟩. Given a complete trace σ, we define its k-prefix, with k < |σ|,3
as the sequence of the first k events σ(k) = ⟨e1, . . . , ek⟩.

Each event e corresponds to the execution of an activity a and is uniquely associated
with a trace through a Case ID, indicated as c. Therefore, each event is defined as e =

3 Given a trace σ, |σ| indicates the number of events in σ.
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(c, a,d), where d is a vector representing additional event attributes. These attributes,
also referred to as the event’s data payload, describe characteristics of the case or of the
event itself. Common examples include timestamps marking the start and completion
of the activity execution, as well as the resource r performing it.

In this work, we focus on prescriptions involving the activity to be executed and
its associated resource. To this aim, we denote by A and R the sets of all activities
and resources available in the process. We also define the set of all possible events as
E and the space of event sequences as E∗. Finally, we define the projection functions
act : E → A and res : E → R, which map each event e to its corresponding activity a
and resource r, respectively.

3.2 Problem Definition

In this work, we address the problem of multi-KPI optimization in PrPA. These KPIs
represent relevant aspects of process performance and are determined by the specific
application domain.

A KPI can be modelled as a function F : E∗ × N → R that, given a trace σ ∈ E∗

and an integer 1 ≤ i ≤ |σ|, F (σ, i) returns the KPI value of σ after the occurrence
of the first i events. To account for multiple KPIs F1, . . . , Fn, we adopt the weighted
global criterion method [25], in which all KPIs are combined linearly to form a single
objective function, called the utility function. Let λ = (λ1, . . . , λn) ∈ [0, 1]n be a vec-
tor of weights such that

∑n
j=1 λj = 1. These weights allow decision-makers to adjust

the trade-off among different KPIs, reflecting both domain priorities and temporary or
situational preferences. The utility function is then defined as:

UKPI(σ,λ, i) =

n∑
j=1

λjFj(σ, i) (1)

The prescriptive problem can be formulated as follows. Given a running process
execution σ′ = ⟨e1, . . . , ek⟩, we aim to find a prescription corresponding to ek+1 that
will eventually lead to a completed trace σpres = ⟨e1, . . . , ek, ek+1, . . . , en⟩, such that
the utility function UKPI(σ,λ, i) is maximized.

4 Framework

In this section, we present a framework to address the problem of next-step recommen-
dation for multi-KPI optimization, as defined in Section 3.2. The framework consists
of three main modules: (i) a feasibility prescription module (Section 4.1); (ii) a predic-
tive model (Section 4.2); and (iii) a recommendation module (Section 4.3). As shown
in Figure 1, the proposed framework comprises two phases: Offline and Online. The
offline phase starts with an event log of completed executions, which is used to build
the feasibility prescription module to identify the set of admissible next-step prescrip-
tions. Concurrently, the predictive model is trained on this historical log to estimate
the expected value of the utility function (UKPI) for any given prescription. These two
components are then combined to build the recommendation module, which is utilized
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Fig. 1: Overview of the proposed framework. The offline phase comprises: (1) building
the Feasibility Prescription Module from historical event log and (2) training a Predic-
tive Model using Prefixes Training Set transformed by the Labeler and Encoder. The
online phase performs real-time recommendation of a Running Execution by identify-
ing the Best Prescription through the (3) Recommendation Module.

during the online phase. In this phase, each running execution (or prefix) is provided
as input, and transformed into an encoded vector. The recommendation module then
searches the space of possible prescriptions to identify the most promising alternatives
to recommend to the user as the best prescription. We propose two methods for explor-
ing the prescription space: an exhaustive search that evaluates all possible prescriptions,
and a more sophisticated search based on a genetic algorithm.

In the following, we detail all the modules used in our framework.

4.1 Feasibility Prescription Module

The feasibility prescription module, corresponding to Step 1 in the offline phase of Fig-
ure 1, is built directly from the historical event log. The primary purpose of the module
is to constrain the recommendation space to only those actions that are practically ex-
ecutable. Therefore, this module acts as a validation layer to assess the eligibility of a
potential activity and its assigned resource based on the process state. This is formal-
ized in our study as a transition system to determine if, given the current prefix σ(k),
an activity ak+1 is valid for execution, and a resource filter to confirm that the resource
rk+1 is eligible to perform that specific activity.

The transition system is mined from a log of completed traces L, from which each
prefix σ(k) is mapped to an abstract state representation S(σ(k)) [1]. Figure 2 illustrates
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Fig. 2: Transition system for an example log Lex, with window size w = 2.

an example of a transition system. It has been built on an event log Lex using a sequence-
based state-representation where Lex = {⟨a, b, c, d⟩, ⟨a, c, e⟩, ⟨a, b, c, e⟩}, a, b, c, d, e ∈
A form the alphabet of activity labels4.

The set of feasible next activities for a given prefix σ(k) is defined as those activities
that directly follow the corresponding abstract state at least once in the event log, as

A|σ(k)
= {a ∈ A | ∃σ′ ∈ L,∃l < |σ′| : S(σ̃(l)) = S(σ(k)), a = act(σ′

(l+1))}. (2)

The abstraction of the prefix is necessary both to prevent the transition system from
being overly deterministic and to avoid an explosion in the number of states. Our choice
for the state abstraction of the prefix σ(k) corresponds to the list of the last w activities
seen in the prefix, that is

Sw(σ(k)) =

{
⟨ak−w+1, . . . , ak⟩ if w ≤ k;

⟨a1, . . . , ak⟩ otherwise.
(3)

Considering the example event log Lex and the prefix σ(k) = ⟨b, b, c⟩. The state
representation (3) with window size w = 2 is defined as Sw=2(σ(k)) = ⟨b, c⟩ and the
set of feasible next activities for it is A|σ(k)

= {d, e}.
Furthermore, we determine whether a resource r is capable of performing an activity

a based on evidence from the event log L; specifically, there must exist an event e ∈ L
such that act(e) = a and res(e) = r. Given a prefix σ(k), for each activity a ∈ A|σ(k)

,
we then identify the set of eligible resources Ra that are able to execute a, defined as
follows: Ra = {r ∈ R | ∃σ ∈ L,∃e ∈ σ, act(e) = a, res(e) = r}. Finally, we define
the space of feasible next step prescriptions for the prefix σ(k) as Pσ(k)

= {(a, r) | a ∈
A|σ(k)

, r ∈ Ra} ⊆ A×R.

4.2 Predictive Model for KPIs Estimation

To estimate which feasible next-step prescription is likely to yield the greatest improve-
ment across multiple KPIs, we leverage Predictive Process Monitoring (PPM) [12]. As
shown in the offline phase of Figure 1 (Step 2), we train a predictive model ϕ that, given
a running trace, or prefix, σ(k) and a candidate next-step prescription (ak+1, rk+1),
with ak+1 ∈ A|σ(k)

and rk+1 ∈ Rak+1
, estimates the value of the utility function

UKPI upon completion of the process execution. The model corresponds to a function
ϕ : E∗ × A ×R → R trained as a regressor on the training log. For each trace σ ∈ L

4 For simplicity, events are referred to as activity labels, omitting the event attributes.



Balancing KPIs through Multi-Objective Prescriptive Process Analytics 7

and each step 1 ≤ k < |σ|, the training objective is ϕ(σ(k), act(ek+1), res(ek+1)) ≈
UKPI(σ,λ, k), where the weights λ are set by the user, as discussed in Section 3.2.

To leverage PPM techniques for building the predictive model, it is necessary to en-
code the input information into a structured numeric representation. Our framework is
agnostic to the specific choice of encoding; however, in this work we adopt the follow-
ing approach. For the prefix σ(k), we employ activity frequency encoding, a commonly
used representation in PPM tasks [12, 19, 33, 35], in which the prefix is described by
a vector counting the occurrences of each activity up to the current step. Additionally,
we encode auxiliary attributes, including the prefix duration, the duration of the current
event5, and the weekday corresponding to the most recent event timestamp. Finally, the
next activity ak+1 and next resource rk+1 are represented using label encoding.

To ensure consistency between training and model inference, the same encoding
logic used to build the Prefixes Training Set is applied to the Running Execution during
the online phase.

4.3 Recommendation Module

The final component of the framework is the Recommendation Module (Step 3), which
is used in the online phase to explore the space of feasible next-step prescriptions Pσ(k)

for the prefix σ(k), as defined in Section 4.1. In the following, we present two alternative
approaches to perform this exploration.

Exhaustive Search. The first approach is to exhaustively explore all pairs of feasible
prescriptions (a, r) ∈ Pσ(k)

. For each pair, the predictive model described in Section 4.2
estimates the future value of the utility function UKPI assuming that prescription is ap-
plied, yielding ϕ(σ(k), a, r). The candidate prescriptions are then ranked according to
this estimated value, and the best one is returned to the user as the recommended next
step. In this way, the selected prescription corresponds to the best possible decision
according to the predictive model. However, this approach may become computation-
ally inefficient, especially in processes characterized by a large number of activities and
resources, corresponding to a large search space Pσ(k)

.

Genetic Method. To improve the computational efficiency of exploring feasible pre-
scriptions, we leverage a genetic algorithm [30], which iteratively explores a subset of
the search space Pσ(k)

. Specifically, an initial population of fixed size p of feasible pre-
scriptions is randomly extracted, P0 ⊂ Pσ(k)

with |P0| = p. The population evolves
through several iterations Pi with i ∈ N, through a sequence of evolutionary steps. At
each iteration i, the algorithm evaluates the quality of every prescription pair (a, r) ∈ Pi

using the fitness function.
The objective of the genetic algorithm is to obtain a final population that minimizes

the fitness function, which evaluates two important aspects for each candidate: valid-
ity and proximity. Validity val measures whether the predicted KPIs’ utility function, as

5 The current event duration is computed as the difference between the event’s end and start
timestamps. If the start timestamp is not available, it is approximated as the difference between
the end timestamp of the current event and that of the previous event.
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estimated by the predictive model ϕ for the prescription (a, r) applied to σ(k), improves
by at least a threshold τ ∈ [0, 1] compared to the predicted value for σ(k) without any
prescription. Namely, val(a, r) = 0 if ϕ(σ(k), a, r) < (1 − τ)ϕ(σ(k), ·, ·) otherwise
val(a, r) = 1. Proximity prox measures the difference between a candidate pair (a, r)
the most probable activity-resource pair (â, r̂) observed in the training event log fol-
lowing the input prefix σ(k), taking the following values:

prox(a, r) =


0, if a = â and r = r̂,

1, if (a = â ∧ r ̸= r̂) or (a ̸= â ∧ r = r̂),

2, if a ̸= â and r ̸= r̂.

Proximity helps prioritize pairs that are closer to typical patterns while still allowing
exploration of alternatives.

Inspired by [7], we define our fitness function as follows:

fitness(a, r) = val(a, r) + α prox(a, r), (4)

where α is the weighting factor that controls the influence of the proximity score on
the overall fitness. The fitness score, as defined in Equation 4, quantifies how promising
each candidate is. Based on this value, the algorithm selects the 50% most suitable pairs
in the population to serve as parents for the next generation. These parent solutions then
undergo a set of genetic operators, namely crossover and mutation, where their informa-
tion is perturbed to produce the new population. Crossover combines the chromosomes
of the parents to generate new offspring, while mutation randomly alters one or more
genes with a certain probability, introducing new genetic material and helping to pre-
vent premature convergence. The resulting offspring form the new population. Once the
evolutionary process converges or reaches the maximum number of iterations, the evo-
lutionary algorithm returns the best m activity-resource pairs that minimize the fitness
function. The recommended prescription is then the one that minimizes the prediction
for UKPI obtained from the predictive model ϕ.

5 Evaluation Methodology

This section reports on the methodology used to assess the effectiveness of the frame-
work introduced in Section 4.6 The evaluation is conducted using four real-life case
studies, outlined in Section 5.1. Then, Section 5.2 describes the experimental settings,
including data splitting and the implementation of the Genetic approach. Section 5.3,
discusses the selection of the predictive model and evaluate its quality across multiple
case studies, while Section 5.4 provides an overview of how the recommendations are
evaluated. The evaluation aimed to address the following research questions:

RQ1 What is the impact of using the Genetic method in terms of KPIs improvement
and computation time, compared to the Exhaustive method?

6 The framework and evaluation are available in the following repository https://github.
com/ngocdiemle296/multi_kpi_prescriptive_process_analytics.

https://github.com/ngocdiemle296/multi_kpi_prescriptive_process_analytics
https://github.com/ngocdiemle296/multi_kpi_prescriptive_process_analytics
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RQ2 How does the weights’ vector (λ1, . . . , λn), defined in Equation 1, affect the
trade-offs between the individual KPIs, under the proposed strategies?

In business process analysis, the Devil’s Quadrangle illustrates that improvements in
one performance dimension may negatively affect others [17]. Since remaining time
reflects the time dimension, while outcome-based measures represent the quality di-
mension [21], the two KPIs may naturally move in different directions. Therefore, this
motivates us to frame our evaluation to target two potentially conflicting KPIs: the re-
maining execution time and the case outcome. The case outcome denotes the final status
of a trace, expressed as a boolean value; for example, it may be defined by the oc-
currence of a key activity or the satisfaction of a condition on an event attribute. The
conflicting nature of these two KPIs provides a controlled setting to observe how differ-
ent λi values influence the trade-offs in optimization. For example, recommending the
“cancel application” activity in the loan application process significantly reduces the
remaining processing time. However, this intervention results in a zero acceptance rate.

Therefore, the utility function defined in Equation 1 is instantiated for the two KPIs,
as follows where λ ∈ [0, 1]:

UKPI
(
σ, (λ, 1− λ), i

)
= λ(1− FCO(σ, i)) + (1− λ)FRT(σ, i), (5)

where FCO represents the case outcome specific to the event log, as detailed in Sec-
tion 5.1, returning 1 for a positive outcome and 0 for a negative one. Meanwhile, FRT
denotes the normalized remaining execution time obtained when performing (a, r) as
the next step. It is worth noting that the combined outcome from Equation 5 is defined as
a weighted linear combination of the two KPIs; however, these KPIs operate on differ-
ent scales. Therefore, we scaled the remaining time values to the [0, 1] range to ensure
that they are numerically comparable with the binary case outcome. In particular, we
transform the raw remaining time through three steps: first, we standardize it using z-
normalization, then we apply sigmoid transformation and min-max scaling to map all
values into the [0, 1] interval. This three-step normalization procedure ensures that the
originally skewed distribution of values is mapped to a nearly uniform range of [0,1],
which allows for detecting even relatively small improvements in this perspective.

The prescriptive task aims to minimize the expected value of this combined KPI,
as defined by the utility function UKPI (5). In this setting, the parameter λ controls
the trade-off between the two KPIs: higher values give more importance to the case
outcome, while lower values place more emphasis on time efficiency. This flexibility
allows stakeholders to align the system’s behavior with their strategic goals. For in-
stance, in a loan application process, a higher value of λ may be desirable to prioritize
maximizing the proportion of applications that reach a successful outcome. Conversely,
in a public administrative process, a lower λ may be preferred to emphasize reducing
execution time, even if this comes at the cost of a lower customer satisfaction rate.

5.1 Case Studies

Our assessment is based on four real-life event logs, which are described below and in
Table 1. The Bank Account Closure (BAC) is a process executed at a banking insti-



10 Le et al.

Table 1: Descriptive Statistics of Event Logs
Event Log # cases # activities # resources Mean case duration % positive case

BAC 29194 15 654 16.4 days 82.5%
BPIC2017 - Before 12121 24 103 20.2 days 56.4%
BPIC2017 - After 14066 24 119 21.9 days 54.7%

BPIC2012 4685 23 67 15.1 days 47.9%

tution.7 The process involves closing customers’ accounts, which may be requested by
the customer or the bank for several reasons. The BPIC2012 [14] and BPIC2017 [15]
were published in relation to the Business Process Intelligence (BPIC) in 2012 and
2017, respectively. These datasets contain the execution history of a loan application
process in the same Dutch financial institution. Due to a concept drift in the BPIC2017
log (cf. [2]),we partition the event log BPIC2017 into two sub-logs: one contains traces
before week 22, namely BPIC2017 - Before, and the other contains those after week
28, namely BPIC2017 - After, allowing us to experiment across four distinct logs.

Furthermore, for each event log, the case outcome was encoded based on the oc-
currence of a predefined activity that marks a successful or unsuccessful outcome.
Particularly, in the BAC case study, the activities “Network Adjustment Request” and
“Back-Office Adjustment Request” are associated with unsuccessful outcomes, since
they correspond to contingency actions, which should be avoided.8 For the remaining
three case studies (BPIC2012, BPIC2017 - Before, BPIC2017 - After), we define a pos-
itive case outcome as the occurrence of the activity “O_Accepted”, which corresponds
to customers accepting the offers proposed by the bank.

5.2 Experimental Setting

The event log L was temporally split into a training set Ltrain and a test set Ltest, where
the temporal ordering of cases is defined by the timestamp of each case’s first event. To
extract the training set, we compute the earliest time tsplit in which 80% of the traces in
L are completed, and the remaining 20% are used to define the test set. In particular,
we keep all traces that are ongoing at tsplit as Ltest and exclude those starting after
tsplit. Traces that start after tsplit are excluded from Ltest. The latter are removed because
the evaluation is designed to reflect a realistic scenario in which recommendations are
applied at tsplit, leveraging only the information available up to that moment.

From Ltest we create a test log Lrun of running traces by truncating traces at the
split time tsplit, simulating ongoing, incomplete executions which allow us to evaluate
the effectiveness of the recommendation module. Ltrain is used to train the predictive
model and build the feasibility prescription module, while Lrun and Ltest are dedicated
to assessing prescriptions.

In our experimental setting, the Genetic method was implemented using DiCE (Di-
verse Counterfactuals Explanations) [31], a model-agnostic library for generating di-

7 The BAC dataset is confidential and cannot be publicly shared.
8 To ensure a fair evaluation, we exclude from the set of activities that can be prescribed the key

activity defining the case outcome.
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Fig. 3: Residual distributions and MAE values across the four datasets

verse counterfactual examples. In our case, we focus on generating alternative next
activity-resource pairs in order to minimize the KPIs utility function UKPI. Specifically,
we configure the genetic algorithm (GA) with an initial population size of p = 50 and a
maximum of 10 iterations, which have been found to be sufficient to explore the recom-
mendation space while maintaining a reasonable computational cost. The threshold in
the validity definition is set to τ = 0.05 and the weighting factor of the prox measure,
α, is set to α = 0.2 , ensuring a moderate contribution to the fitness score while still
allowing different pairs to be explored. Moreover, we query the GA to return the top m
solutions, where m = 5. Finally the set of feasible recommendations obtained from the
feasibility prescription module, as described in Section 4.1, are obtained using a state
abstraction with window size w = 5.

5.3 Evaluation of the Predictive Model

After preprocessing the data, as detailed in Section 4, we train the predictive model
ϕ to estimate the multi-KPI utility function UKPI. We instantiated ϕ by using a Cat-
Boost model [16], due to its ability to achieve high predictive quality while maintaining
efficient training time [19]. Additionally, we utilized a cross-validation approach to op-
timize the model’s hyperparameters (learning_rate, depth, iterations), ensuring robust
generalization across different process instances.

Figure 3 reports on the mean absolute error (MAE) and the residual distributions of
the predictive model over the four case studies in Section 5.1. The residual is defined
as the difference between the actual combined KPI UKPI and its predicted value when
λ = 0.5. While the predictor for the BAC case study shows the highest accuracy with a
small MAE and a tight residual distribution, the others are also satisfactory. The residual
distributions show that the median value is close to zero, indicating that the predictive
model does not systematically over- or under-predict. These results indicate that the
prediction model is certainly still accurate enough to rank prescriptions.

5.4 Evaluating Prescriptions via Simulation

Ideally, we would perform an A/B test to compare the performance of process instances
with and without following recommendations. However, in practice, this is infeasible
because we cannot directly intervene in an ongoing process solely for evaluation pur-
poses. Therefore, this study applies business process simulation to simulate the effect
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of following and not following the recommendations under realistic conditions, as sim-
ulation is commonly used in PrPA for evaluating the effectiveness of recommenda-
tions [11].

The evaluation for each case study starts from the set of running cases Lrun =
{σ′

1, . . . σ
′
n}, defined in Section 5.2. Each trace σ′

i is a prefix of a corresponding trace σi

in Ltest , where σi can be seen as σ′
i⊕⟨(a′i, t′i, r′i,d

′
i)⟩⊕σ′′

i .9 If the prescription is the pair
(a, r), we move the simulation to the state reached after performing σ′

i⊕⟨(a, tsplit, r,d)⟩,
namely the prescription is assumed to occur at the simulation time tsplit. We then simu-
late the continuation of the trace to determine how the trace would complete as a result
of following the recommendation. As a baseline scenario, we assume no prescription is
provided, and thus activity a′i is performed by r′i at time t′i update the process’ attribute
as per d′

i; at this stage, we let the simulation carry out the process instance. In each
setting, each simulation is repeated ten times to mitigate the potential consequences of
simulation stochasticity. Simulations were conducted using the ProSiT simulator [39].

The impact of assigning an activity–resource pair to a running trace is evaluated us-
ing the two KPIs considered in the optimization problem: the remaining execution time
and the case outcome, obtained through simulation. The effectiveness of a prescription
is measured as the improvement achieved by following the pairs (a, r) recommended
by the Exhaustive and Genetic approaches, compared with the Ground Truth (GT) base-
line, where no recommendation is applied. We compute the average improvement for
the two KPIs on the set of running traces Lrun, as:

∆CO = Eσ′∈Lrun (FCO(σpres, |σ′|)− FCO(σGT, |σ′|)) ,

∆RT =
Eσ′∈Lrun (FRT (σGT, |σ′|)− FRT (σpres, |σ′|))

Eσ′∈Lrun (FRT (σGT, |σ′|))
,

(6)

where Eσ′∈Lrun denotes the average over all prefixes, σGT is the simulated completion of
the prefix σ′ when no recommendation is applied, and σpres is the simulated completion
when a prescription is applied. The latter depends on both the recommendation method
(Exhaustive or Genetic) and the value of λ used in the utility function (5).

6 Results and Discussion

This section reports on the results obtained from the evaluation, emphasizing our an-
swers to the two research questions formulated in Section 5.

We begin by examining how well the simulator reproduces the original process be-
havior. Figure 5 and Table 2 present the trace-duration distributions and proportions of
positive traces, respectively, comparing the real and simulated event logs for each case
study. These results show how well the simulation model captures the process perspec-
tives relevant for the optimisation, supporting its suitability for evaluation purposes.

The answer to both research questions is based on Figure 4, which visualizes the
performance improvement (6) achieved by the Exhaustive search and Genetic methods
for the four case studies as well as for two KPIs used in the evaluation, namely remain-
ing time and case outcome. Results are reported for different values of λ (cf. Equation 5)

9 Operator ⊕ is used to concatenate sequences
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Fig. 4: Performance improvement achieved by the Genetic and Exhaustive approaches
across multiple assignments of λ, ranging from 0 to 1. For the remaining time, the right
y-axis additionally indicates the absolute improvement in days.

to explicitly explore the trade-off between the two KPIs. The blue and orange lines re-
fer to the average improvement for the Genetic and Exhaustive method, respectively,
whereas the corresponding shaded bands indicate the 95% confidence interval.

6.1 Research Question RQ1

RQ1 focuses on comparing the improvements obtained from the Exhaustive search and
Genetic methods. Figure 4 shows that the bands for the Genetic method are higher than
or overlap the Exhaustive method, for every value of λ and for every use case. This
illustrates that the Genetic method can trigger performance improvements that are as
good as, or even better than, those of the Exhaustive method. A special reflection needs
to be made for those case studies, such as in BPIC2017 Before, where the Genetic
method outperforms the Exhaustive one, for the KPI related to the case outcome and/or
remaining time, and for one or more λ values. This might seem counterintuitive at first,
because the Genetic method explores a subset of solutions that the Exhaustive method
does. This difference can be attributed to the different search strategies. The Exhaustive
approach selects prescriptions solely based on the predicted KPI values, choosing the
lowest. Given that for some pairs, especially infrequent pairs, the predictive model has
seen little prior evidence, such predictions may be more error-prone. The error would
typically lead to over- or under-estimating the actual KPI values, thus changing the
ranking of the prescriptions, and ultimately causing to not choose the actual, best pre-
scription. Our hypothesis is that, conversely, the Genetic approach, by considering the
proximity to the most probable activity-resource pair observed in the training log (Sec-
tion 4.3), tends to favor more frequently observed pairs, which are expected to provide
more robust estimations, thus returning a more accurate prescription ranking.

In summary, the Genetic method performs at least as well as the exhaustive method,
in every setting that was tested. This is a particularly remarkable result because the Ge-
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Table 2: Rate of positive outcome of
real and simulated log

Case Study Real log Simulated log
BAC 82.5% 81.3%

BPIC2017 - Before 56.4% 53%
BPIC2017 - After 54.7% 54.6%

BPIC2012 47.9% 46.9%

Table 3: Execution Time of Recom-
mendation Strategies

Case Study Genetic Exhaustive
BAC 0.51s 0.6s

BPIC2017 - Before 0.42s 0.54s
BPIC2017 - After 0.37s 0.53s

BPIC2012 0.3s 0.43s

Fig. 5: Residual distribution for simulator performance.

netic method is significantly faster, as it only explores a subset of the possible solutions.
Table 3 shows the computation time for different case studies, grouping by the different
values of λ: the average computation time for the Genetic and Exhaustive methods is
0.4 and 0.525 seconds over a single trace, respectively. It thus follows that the Genetic
method leads to a 23.8% reduction in computation time.

6.2 Research Question RQ2

This question is answered by observing the performance improvements shown in Fig-
ure 4 for increasing values of λ. Larger values of λ provide more importance for im-
proving the KPI related to case outcome, and less importance for reducing the remaining
time. As expected, larger values of λ generally increase the performance improvement
for outcome-related KPI and reduce the improvement for the KPI linked to the remain-
ing time. For λ = 0.5, we typically observe that the performance improvements for
the two KPIs are located between the maximum and minimum, which are conversely
obtained for λ = 0 and 1. This is also expected because intermediate values are meant
to indicate that we mediate the improvement of the involved KPIs.

Interesting results can be observed for λ = 1, when no improvement is expected
related to the remaining time. However, in some particular cases (more specifically, for
the BAC and BPIC2012 use cases), we still observe a significant improvement for the
remaining time. This improvement is related to the observation that, for the BAC case
study, the positive cases exhibit a significantly shorter average duration, almost 50%
(12 days) less than the negative cases (25 days). This suggests a correlation between
decreasing in remaining time and improving case outcome. The same correlation was
observed - although less marked - for the BPIC2012 case study: positive cases have a
20% lower average duration (16 days) compared to the negative cases (21 days).
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6.3 Threat of Validity and Future Directions

This section reflects on the limitations of the proposed framework and outlines direc-
tions for future research.

A first limitation concerns the trade-off weight λi. Although experiments indicate
that intermediate values of λi tend to yield balanced improvements across KPIs, the
framework currently relies on user-specified preferences. An adaptive, data-driven pro-
cedure for tuning or learning λi remains an open problem and would help streamline
the approach more in settings where KPI balance may fluctuate over time.

A potential limitation of the present work concerns the scope of the recommen-
dation task. The framework focuses on prescribing the next step for a single running
trace at a time. This choice reflects the goal of establishing a general machinery for
multi-objective optimization, but it limits the evaluation to isolated recommendations.
In many operational settings, multiple traces progress concurrently, and prescriptions
for one instance may interact with or constrain those for others. This is far from being
trivial because it would require additional mechanisms for coordinating recommenda-
tions across multiple instances: this was the focus of the work by Padella et al. [32],
which we plan to eventually integrate.

Finally, although the framework recommends only the next step, such interventions
influence the full continuation of the trace during simulation. While this aligns with the
idea that local guidance propagates downstream, it remains unclear how next-step and
full continuation optimization compare in practice. Studying whether direct suffix-level
prescriptions yield additional benefits is a natural direction for future work.

7 Conclusions

Existing approaches for Prescriptive Process Analytics (PrPA) typically focus on im-
proving a single Key Performance Indicator (KPI), whereas real-world process perfor-
mance is often measured on multiple interdependent, and even conflicting, KPIs.

This work proposes a multi-objective framework for prescriptive process analytics
that explicitly models and navigates trade-offs among competing KPIs. Recommenda-
tions are framed as activity-resource pairs, indicating which activity should be executed
next and to whom it should be allocated. Since this formulation produces a large search
space to navigate through, this paper also proposes a genetic method that efficiently
explores activity–resource combinations.

Experiments over four use cases demonstrate the viability of multi-objective PrPA
for balancing multiple KPIs and analyze how parameter tuning affects the trade-offs.
Results also show that the genetic method can provide a similar degree of KPI improve-
ments while saving 23.4% of computation time.
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