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ABSTRACT Recent breakthroughs in predictive business process monitoring equip process analysts with
predictions on running process instances, supporting the elicitation of proactive measures to mitigate risks
that can be caused by the process instance. However, contrary to active research on providing various
predictions and improving the accuracy of prediction models, the practical application of such predictions
has been left to the subjective judgment of domain experts. In this work, we explore the exploitation of the
insights from predictive information for the actual process improvement in practice. Concretely, we focus
on improving resource allocation in business processes where the goal is to allocate appropriate resources to
tasks at the proper time. Based on design science methodology, we develop a two-phase method to improve
resource allocation by leveraging predictions. Based on the method, we instantiate an algorithm to optimize
total-weighted completion time and evaluate its effectiveness and efficiency. From an academic standpoint,
our work demonstrates the combination of predictions using machine learning and optimizations based
on scheduling. From a practical standpoint, our work provides a general approach to optimize resource
allocations for different objectives using predictions.

INDEX TERMS Resource allocation, online operational support, process improvement, Bayesian neural
network, minimum cost and maximum flow algorithm.

I. INTRODUCTION
Due to the increasing importance of business process
improvement, organizations strive to analyze the ongoing
instances in their processes to which they can apply imme-
diate management actions when problems arise [1]. In this
regard, predictive business process monitoring has obtained
considerable attention. It aims to improve business pro-
cesses by providing timely information (e.g., remaining time,
risk probability, performance indicators, and next event of
a running instance), which enables proactive and correc-
tive actions [2]. Various approaches have been developed
to predict such predictive information based on annotated
transition systems [2], machine learning algorithms [3], and
statistics [4].

The associate editor coordinating the review of this manuscript and

approving it for publication was Md. Abdur Razzaque .

However, despite the recent development in the field of
predictive business process monitoring, an important ques-
tion still remains unanswered: How can we achieve actual
process improvement using such timely information? Most
of the existing studies focus on constructing more accurate
predictive models while leaving the concrete actions up to
the subjective judgment of domain experts [5]. Indeed, it is
essential to escalate the insightful predictions to the realm of
prescriptive actions [6] so that the real values can be brought
to the process owners.

In this work, we focus on turning such insights into
actions to optimize resource allocation. Resource allocation
in business processes refers to the allocation of appropri-
ate resources for tasks of process instances at the right
time. Efficient resource allocation has been recognized as
an important issue in business process management owing
to its ability to improve business processes by fostering

VOLUME 11, 2023
This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.

For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/ 38309

https://orcid.org/0000-0001-9394-6513
https://orcid.org/0000-0002-6813-8853
https://orcid.org/0000-0002-2542-1923


G. Park, M. Song: Optimizing Resource Allocation Based on Predictive Process Monitoring

productivity, balancing resource usage, and reducing execu-
tion costs [7], [8].

Existing techniques for resource allocation require infor-
mation such as the release time, service time, and sequence
of required tasks of a process instance [9]. However, in real-
life business processes, we often have limited information on
process instances (so-called non-clairvoyant resource allo-
cation problems). In such problem settings, the existing
techniques cannot be directly applied due to the missing
information [10].

We address this problem using a design science
methodology [11], [12].

1) Design as an artifact: We develop a method support-
ing resource allocation in non-clairvoyant settings by
leveraging predictions. The approach consists of two
phases. The first phase is to construct models that pre-
dict scheduling parameter values. The second phase is
to predict the values of parameters using the prediction
models and compute the optimal resource allocation.

2) Problem relevance: The practical relevance of the
problem lies with the increasing importance of busi-
ness process improvement and the call for leveraging
predictive insights for process improvement [1].

3) Design as a search process: The existing literature
on predictive business process monitoring and resource
allocation inspires the design search process from
which we draw ideas to design the approach and eval-
uate its effectiveness and efficiency.

4) Research rigor: We ensure the rigor of the design
process by mathematically formalizing all components
of the proposed approach.

5) Design evaluation: We instantiate the method to
optimize Total-Weighted Completion Time (TWCT)
of weight-aware Non-clairvoyant Process Instances
(NoPIs). Moreover, we evaluate the scheduling per-
formance of the instantiated approach in a simulated
process and a real-life process of the emergency depart-
ment in a tertiary hospital by comparing it with a
baseline approach. We also analyze the effects of the
prediction accuracy on the scheduling performance and
empirically inspect the minimum level of the prediction
accuracy to achieve acceptable resource allocations.

6) Research contributions: First, we develop a two-phase
method to optimize non-clairvoyant resource alloca-
tion by leveraging predictive information.
Second, we have evaluated the scheduling performance
of the instantiation using both simulated and real-life
business processes. Third, we have analyzed the mini-
mum level of prediction accuracy to achieve reasonable
resource allocations.

The remainder of this paper is organized as follows.
section II presents the related works. section III provides
preliminaries on event data, resource allocation problems,
and non-clairvoyant resource allocation problems. Besides,
section IV introduces the suggested approach. In section V,
a specific type of non-clairvoyant resource allocation

problem, optimizing TWCT of weight-aware NoSIs, is
explained. section VI presents an instantiated method based
on the approach to solve the problem and section VII evalu-
ates the method. Finally, section IX concludes the paper.

II. RELATED WORK
This section introduces relevant techniques for predictive
business process monitoring. Afterward, we explain the exist-
ing work for connecting predictions to process improvement
and optimizing resource allocation in business processes and
discuss its limitations.

A. PREDICTIONS IN BUSINESS PROCESSES
Predictive business process monitoring has been actively
studied [3]. A plethora of techniques has been suggested to
predict various process-related values such as time, perfor-
mance indicators, next event, and risk factors.

Earlier approaches deployed process models, which are
automatically discovered from event data, and annotated
them with historical information by replaying process
instances. The annotated historical information of the process
model is used for learning prediction models. For instance,
van der Aalst et al. [4] suggested a framework for the pre-
diction of time-related properties by deploying transition
systems and annotating each state with measurement values.
Folino et al. [13] extended this framework by clustering
process instances using context features. It has been further
enhanced by adding SVR and Naïve Bayes classifiers to the
additional attributes of events [2].

More recent techniques are model-unaware, deploying
more complex machine learning models. In particular, recent
breakthroughs in deep neural networks have enabled devel-
opments of predictive models showing higher accuracy
than traditional machine learning models. For instance,
Evermann et al. [14] proposed a method based on LSTM
neural networks by encoding features based on embed-
ding, showing the state-of-the-art accuracy of the prediction.
Besides, Tax et al. [15] suggested an LSTM-based model by
encoding features based on one-hot-encoding and using mul-
titask learning. Mehdiyev et al. [16] extends neural network-
based approaches by providing an architecture composed
of unsupervised stacked autoencoders and supervised fine-
tuning with n-gram features.

The explainability of predictive models has been more
relevant due to the nature of neural network-based predictive
models that the learned structure is difficult to intuitively
represent, known as the black-box problem [17]. In fact,
practitioners are reluctant to adopt predictive models pro-
viding no explanations regarding the resulting prediction.
Stierle et al. [18] deployed Graph-based Neural Networks
(GNNs) to infer temporal dependencies existing in event data
to determine relevance scores of process activities in terms of
a performance measure. Hans et al. [19] proposed a technique
to estimate uncertainties of remaining time predictions using
Bayesian Neural Networks (BNNs).
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B. IMPROVEMENTS IN BUSINESS PROCESSES
Contrary to extensive research on predictive business process
monitoring, few studies have provided guidance and recom-
mendations using predictions. Conforti et al. [20] propose
a recommendation system to optimize resource allocation
in business processes based on the risk predictions of run-
ning instances. In [21], a prescriptive alarm system generates
alarms when process instances show problematic behaviors.
A recommendation system [22] suggests the next best activity
by analyzing the next most likely activities in terms of key
performance indicators.

Some studies have been conducted to analyze the effects
of improvement actions. In [23], a technique is proposed to
analyze the impacts of improvement actions in terms of the
structure, operation, and performance of business processes.
Dees et al. [24] demonstrate the importance of making effi-
cient decisions on actions based on accurate predictions,
reporting that premature actions may lead to undesirable
results. In [25], the authors report the importance of objec-
tive, unbiased actions for improving key performance indi-
cators, calling for more systematic approaches to support the
decisions on effective actions.

Recently, several approaches have been proposed to turn
insights from process analytics into management actions,
e.g., sending alerts to employees, changing configurations
in information systems, and handling problematic process
instances, in the field of action-oriented process mining.
A commercial process mining tool, Celonis Action Engine,
analyzes event data, generates signals based on the analysis,
and executes predefined actions to the target information
system according to the signals [26]. A general framework
for action-oriented process mining is suggested in [27], and
the framework is instantiated using digital-twin interface
models in [28].

The authors of this work have proposed a method to opti-
mize a resource allocation problem using LSTM networks
and the minimum cost and maximum flow network algo-
rithm [29]. The findings from the previous study work as
foundations for developing the proposed framework.

C. RESOURCE ALLOCATION IN BUSINESS PROCESSES
Finding optimal resource allocations in business processes
shares some commonalities with Job Shop Scheduling Prob-
lem (JSSP) [20]. A JSSP deals with a set of resources per-
forming operations on jobs (i.e., process instances), where
each job has predefined tasks (i.e., activities) through the
resources. The goal is to find sequences of jobs on resources
while optimizing an objective, e.g., minimizing total comple-
tion time. It is an NP-hard problem, considered to be among
the most intractable problems [30].

A large body of literature exists that deals with JSSPs [31],
including approaches such as shifting bottleneck heuristic
and local search [32]. Despite their good approximation of
optimality, it has been reported that applying them requires a
huge computational cost, particularly when the problem size

is large [33]. The high computational cost limits practical
applications of such techniques in real-life business processes
due to the dynamic nature of the process [34].

Instead, dispatching rules have been widely employed in
the industry owing to their high computational efficiency
and robustness to uncertainty [9]. However, existing stud-
ies make simplified assumptions in the definition of the
problems, thus hindering their application in the context of
business process management. For instance, the sequence
of activities is assumed to be invariant among the different
scheduling instances, whereas each activity has its unique
single resource. Moreover, some of them assume one or
two resources that can perform any activities in business
processes. Instead, in real-life business processes, we have
different types of scheduling instances, which have various
sequences of activities, and the resources have their own
availability to perform some of the activities in the process.

There have been efforts to solve non-clairvoyant schedul-
ing problems with the tight upper and lower bounds of its
scheduling performances. For example, Becchetti et al. pro-
posed a novel method for the resource allocation of non-
clairvoyant scheduling instances in terms of average flow
time minimization in parallel machine environments in [35].
IM et al. [36] have suggested algorithms to optimize the
schedule of the scheduling instance that have different arrival
times and sizes, whereas resources have arbitrary packing
constraints in a non-clairvoyant environment.

III. PRELIMINARIES
This section introduces event data and resource allocation
problems.

A. EVENT DATA
An event is characterized by its attributes such as case iden-
tifier, activity, resource, and timestamp.
Definition 1 (Event): Let Uevent be the universe of events,

Ucase the universe of case identifiers, Uact the universe of
activity names,Ures the universe of resource names, andUtime
the universe of timestamps. Let AN be the set of attribute
names such that {case, act, res, time} ⊆ AN . For e ∈ Uevent
and an ∈ AN , πan(e) is the value of attribute an for event e.
If event e does not have the attribute, we denote πan(e) =⊥.

For instance, given event e ∈ Uevent , πcase(e), πact (e),
πres(e), and πtime(e) indicate the case identifier, activity,
resource, and timestamp of the event, respectively.
Definition 2 (Trace): A trace σ ∈ U∗event is a sequence of

different events: σ = ⟨e1,e2,. . . ,en⟩ such that, for 1 ≤ i < j ≤
|σ |, ei ̸= ej. Utrace is the set of all possible traces.

Similar to events, cases also exhibit mandatory attributes
such as a trace. An event log is a set of cases.
Definition 3 (Case, Event Log): Let AN be the set of

attribute names such that {trace} ∈ AN . For c ∈ Ucase and
an ∈ AN , πan(c) is the value of attribute an for case c. If case
c does not have the attribute, we denote πan(c) =⊥. An event
logEL ⊆ Ucase is the set of cases.UEL is the set of all possible
event logs.

VOLUME 11, 2023 38311



G. Park, M. Song: Optimizing Resource Allocation Based on Predictive Process Monitoring

FIGURE 1. Snapshot of the business process in a hospital at time t .
We will use the situation described in this figure as the basis for
examples in the remaining of the paper.

B. RESOURCE ALLOCATION PROBLEM
Figure 1 presents a snapshot of a part of a health-
care process at time t . The rectangles indicate the dif-
ferent activities, whereas the circles indicate the queues
for the treatments where patients (i.e., cases) need to wait
before medical staff (i.e., resources) are assigned. There
are six patients (i.e., p1, . . . , p6) and six medical staff
(i.e., r1 . . . , r6), and the bidirectional arcs between them indi-
cate that the patient is being operated by the medical staff,
with the annotated tuple representing the start and completion
times of the operation. For instance, p1 is operated by r1 from
t − 7 to t + 2, which denotes that the service time is 9 time
units. Moreover, the dotted arc means the next treatment of
the patient. For instance, the next operation of p3 is the MRI,
i.e., p3 will enter the queue for the MRI at t + 1 when
the current activity is completed. Furthermore, two patients
are waiting to undergo MRI inside the queue. The curved
arc indicates the service time required by each resource to
complete the MRI of the patient.

Resource allocation problem is to find the appropriate
work assignments between activities of process instances
(e.g., patients) and resources (e.g., medical staff) at the right
time. A process instance, also called scheduling instance,
involves scheduling parameters, e.g., the required activity
and its service time, utilized for the allocation of appropriate
resources in terms of an objective of an organization, e.g.,
minimizing makespans. The different techniques for resource
allocation may require different parameters. For instance,
Figure 1 depicts the parameters of p1 such as the current
activity (i.e., triage), the service time by r1 (i.e., 9 time units),
and the next activity (i.e., intravenous).
Most of the techniques for resource allocation require a

base set of parameters involving 1) complete sequences of
activities (i.e., tasks) that need to be performed and 2) the
corresponding service times by available resources [37].
We use the following notations in the remainder of
this paper:

• Upm is the universe of scheduling parameters.
• ml denotes the max. length of the activity sequence of
cases in a business process.

• ai ∈ Upm indicates the i-th activity of a scheduling
instance, where i < ml.

• pti,r ∈ Upm denotes the service time of the i-th activity,
i.e., ai, when operated by resource r ∈ Ures.

• AS is the set of parameters associated with the sequence
of activities, i.e., AS = {ai ∈ Upm|0 < i < ml}.

• PT denotes the set of parameters associated with the
service times of activities by the different resources:
PT = {pti,r ∈ Upm|0 < i < ml ∧ r ∈ Ures}.

• BP is the base set of parameters, i.e., BP = AS ∪ PT .

A scheduling instance consists of the case identifier asso-
ciated with the one in event logs, and the parameter mapping
that assigns values to its associated parameters.
Definition 4 (Scheduling Instance): A scheduling instance

si = (c, pmap) ∈ Ucase × (Upm ↛ Uval) is a pair of a
case identifier c and a parameter mapping pmap. Given si =
(c, pmap), we indicate πcase(si) = c and πpmap(si) = pmap.
Usi is the set of all possible scheduling instances.

Assume that the sequence of activities planned for
p1∈Ucase in Figure 1 includes triage, intravenous, MRI, and
evaluation in order. The patient is represented as (p1, pmap1),
where pmap1(a1) = triage, pmap1(a2) = intravenous,
pmap1(a3) = MRI , pmap1(a4) = evaluation, pmap1
(a5) =⊥, pmap(pt1,r1) = 9, etc.
In real-life business processes, missing values of schedul-

ing parameters is common in scheduling instances, limiting
the application of established techniques for resource alloca-
tion [10]. We call such instances Non-clairvoyant Scheduling
Instance (NoSI).

FIGURE 2. Snapshot of the business process in a hospital at time t where
the patients are non-clairvoyant scheduling instances.

Figure 2 describes the same situation as Figure 1, except
the scheduling instances being NoSIs. We may not know the
next activity of patients before the completion of the current
operation. For instance, we do not know the next activity
of p1 as the patient is currently performing triage activity.

38312 VOLUME 11, 2023



G. Park, M. Song: Optimizing Resource Allocation Based on Predictive Process Monitoring

The next activity is known right after p1 completes triage
activity. Moreover, we have no information on the expected
service time required by different resources to operate on the
patients. For instance, we have no information on how much
time it will take for r5 and r6 to operate on p5. p1 is repre-
sented by si1 = (p1, pmap1), where pmap1(a1) = triage,
pmap1(a2) =⊥, pmap1(a3) =⊥, pmap(pt1,r1) =⊥, etc.
Definition 5 (Work Assignment): Let |c| denote the num-

ber of activities that need to be operated for case c ∈ Ucase.
A work assignment wa = (c, i, r, ts, tc) ∈ Ucase×N×Ures×

Utime×Utime is a tuple of a case, an index of the current activ-
ity, a resource, a start timestamp, and a complete timestamp
such that i ≤ |c| and ts ≤ tc. Given wa = (c, i, r, ts, tc),
we indicate πcase(wa) = c, πi(wa) = i, πres(wa) = r ,
πts(wa) = ts, and πtc(wa) = tc. We let Uwa denote the set
of all possible work assignments.

For instance, the work assignment relevant to the triage
activity of p1 in Figure 1 is represented aswa′ = (p1, 1, r1, t−
7, t + 2), i.e., the first activity of p1 is performed by r1 from
t − 7 to t + 2.
A schedule contains the work assignments of scheduling

instances. The work assignments of the schedule should sat-
isfy the following constraints. First, it should cover all the
activities planned for the scheduling instances. In addition,
each activity in the sequence is performed only once, and
only one operation is processed at a given time. Furthermore,
each resource can perform only one activity at the same time.
We formally define the constraint as follows.
Definition 6 (Schedule): A schedule S ⊆ Uwa is a collec-

tion of work assignments such that

• ∀{wa,wa′}⊆S∧πcase(wa)=πcase(wa′) πi(wa) ̸= πi(wa′),

• ∀c′∈{πcase(wa)|wa∈S} |c
′
| = |{wa ∈ S|πcase(wa) = c′}|,

• ∀{wa,wa′}⊆S∧πres(wa)=πres(wa′) πts(wa) ≥ πtc(wa′) ∨
πts(wa′) ≥ πtc(wa), and

• ∀{wa,wa′}⊆S∧πcase(wa)=πcase(wa′) πts(wa) ≥ πtc(wa′) ∨
πts(wa′) ≥ πtc(wa).

US indicates the set of all possible schedules.
A resource allocation finds a schedule of scheduling

instances using relevant scheduling parameters (cf. Definition
4). a set of parameters. The schedule produced by the resource
allocation should cover all the scheduling instances.
Definition 7 (Resource Allocation): Let P ⊆ Upm be the

set of parameter names. A resource allocation defined over
P, ralcP, assigns schedules to the set of scheduling instances,
i.e., ralcP ∈ P(Usi) → US such that, for any SI ⊆ Usi,
{πcase(wa)|wa ∈ ralcP(SI ))} = {πcase(si)|si ∈ SI }. Uralc,P is
the set of all possible such resource allocations.

We can quantify the quality of different schedules through
the introduction of objective functions. Several common
objective functions exist, including the total weighted com-
pletion time, total weighted tardiness, and maximum late-
ness [37]. The optimal schedule in terms of one objective
function may not be the optimal one for the other objective
functions.

Definition 8 (Objective Function): An objective function
obj ∈ US → R+ assigns objective values to schedules.
Uobj denotes the set of all possible objective functions.

An objective function is used to select the optimal resource
allocation based on a specific objective function.
Definition 9 (Optimal Resource Allocation): Let RP ⊆

Uralc,P be the set of resource allocations of P ⊆ Upm and
obj ∈ Uobj the objective function. ralc∗P,obj ∈ RP is opti-
mal for obj if for any ralcP ∈ RP, obj(ralc∗P,obj(SI )) ≤
obj(ralcP(SI )), where SI ⊆ Usi.

IV. APPROACH
In this section, we introduce an approach to solve resource
allocation problems of non-clairvoyant scheduling instances.
Figure 3 presents the overview of the proposed approach
consisting of two phases. The first phase is offline prediction
model construction to build prediction models that determine
the missing values of the parameters. If we aim to optimize
the schedule of SI ⊆ Usi in terms of obj ∈ Uobj using a set
of parameters P ∈ Upm, we first build prediction models to
predict missing values of P in SI . In the first phase, we first
extract features from historical event logs and train predic-
tion models using the features. The second phase is online
resource scheduling to optimize the schedule of SI using an
optimal resource allocation based on a set of parameters P.
In this phase, we first predict the missing parameter values
of non-clairvoyant scheduling instances with the prediction
models from the online phase and create enriched scheduling
instances. Finally, we apply an optimization algorithm to find
the optimal schedule of the enriched scheduling instances.

FIGURE 3. Overview of the proposed two-phase approach.

A. PHASE 1: OFFLINE PREDICTION MODEL
CONSTRUCTION
A prediction model mpm predicts the value of parameter
pm ∈ Upm for cases in business processes, while providing
the uncertainty of the prediction to be used to evaluate if the
prediction is reliable.
Definition 10 (Prediction Model): Let UC ⊆ R be the set

of uncertainty values, i.e., UC = {x ∈ R|0 ≤ x ≤ 1}.
A prediction model model ∈ Ucase → (Uval × UC) predicts
the parameter value of cases, while providing the prediction
uncertainty.Umodel is the set of all possible predictionmodels.
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We construct prediction models based on event logs. First,
we need to generate feature vectors encoding characteristics
of cases in business processes and the conditions of the
process as independent variables and values of pm ∈ Upm as
independent variables. In this section, we abstract from the
mechanism to create feature vectors from event logs. Instead,
in section VI, we introduce a technique to extract intra-case
features, representing the recent history of instances, and
inter-case features, embedding the contextual information on
the underlying business process.

Using feature vectors, we train prediction models. Various
algorithms have been suggested and evaluated in the field
of predictive business process monitoring [3]. In par-
ticular, algorithms based on deep neural networks have
recently shown outperforming performances in various
tasks (e.g., predicting next activity, predicting remaining
time) [15]. In section VI, we instantiate the approach using
a technique based on Bayesian Neural Networks (BNNs).

B. PHASE 2: ONLINE RESOURCE SCHEDULING
Using constructed prediction models, we predict the missing
values of scheduling parameters of NoSIs. Since inaccurate
predictions have a negative impact on achieving optimal
objective values, we ignore the predictions with higher uncer-
tainties. If the prediction is unreliable, we replace the missing
value with the empty value so that the optimal resource
allocation can ignore the prediction.
Definition 11 (Parameter Prediction): Let P ⊆ Upm be a

set of parameters. Let modelpm ∈ Umodel be the prediction
model that predicts values of parameter pm ∈ P and τpm ∈

UC the uncertainty threshold for parameter pm ∈ P.M (P) =
{modelpm ∈ Umodel |pm ∈ P}. predM (P) ∈ Usi → Usi predicts
the missing parameter values for P in (c, pmap) ∈ Usi, i.e.,
predM (P)(si) = (c, pmap′) such that, for any pm ∈ P and
(val, uc) = modelpm(c),

pmap′(pm) =


pmap(pm) if πpmap(si) ̸=⊥
val if pmap(pm) =⊥ ∧uc ≥ τpm

⊥ otherwise

After completing missing values of P in the NoSIs by
predicting them, we apply the optimal resource allocation
defined over P to produce the pseudo-optimal schedule.

Definition 12 (Optimization): Let ŜI denote SI ⊆ Usi
whose missing parameters are enhanced by predictions, i.e.,
ŜI = {predM (P′)(si)|si ∈ SI }. optimP,obj optimizes schedules
of SI ⊆ Usi with respect to obj ∈ Uobj, i.e., optimP,obj =

ralc∗P,obj(ŜI ).

V. PROBLEM: OPTIMIZING TWCT OF
WEIGHT-AWARE NoSIs
This section introduces a resource allocation problem we
endeavor to solve using the method developed by the
proposed approach. The problem is to find the optimal
resource allocation (cf. Definition 9) of weight-aware NoSIs
(cf. Definition 4). The objective of the solution

(cf. Definition 8) is TotalWeighted Completion Time (TWCT),
and the constraints of the solution correspond to the con-
straints used to define schedules (cf. Definition 6).

Figure 4(a) presents the status of the MRI at time t in
Figure 1 where scheduling instances with complete infor-
mation in terms of the base set of parameters exist. The
number annotated next to the patient indicates the symptom
severity of the patient. The higher the number (i.e., weight)
is, the more serious the symptom is. For example, p4 who is
planned to undergoMRI operation exhibits muchmore severe
symptoms than those who are already in the waiting queue.

A. TOTAL WEIGHTED COMPLETION TIME (TWCT)
Optimizing schedules with respect to TWCT consists of two
aspects. First, we should minimize the total completion time
of scheduling instances. For example, we should assign p5 to
r6 and p6 to r5 since r6 and r5 need less time to deal with
p5 and p6, respectively, thus resulting in lower completion
times of p5 and p6. Second, we should prioritize patients with
a higher level of severity. Since p4 has a higher severity level,
we should reserve r5 at time t to be assigned to p4 at t + 1
instead of assigning r5 to p6 at time t , even though it is more
efficient in terms of the total completion time.

Figure 4(b) presents the resulting optimal schedule of
Figure 4(a). Note that, to facilitate understanding, we focus
on a single treatment (i.e., MRI) in a business process and
only consider the next activity among other future activities as
the influential factor when producing the schedule, whereas
the optimal resource allocation defined over the base set of
parameters provides a method for optimizing the schedules
by comprehensively considering all the available informa-
tion [37]. We refer readers to [37] for detailed explanations
of the techniques for optimal resource allocation.
Definition 13 (Total Weighted Completion Time (TWCT)):

Let CT (c) be the completion time of c ∈ Ucase. Total
weighted completion time twct ∈ Uobj is the objec-
tive function such that, for any SI ⊆ Usi, twct(SI ) =∑

si∈SI πpmap(si)(weight)CT (πcase(si)).

The schedule in Figure 4(b) has the TWCT of 27, adding
25 (i.e., 10 ∗ 2+ 1 ∗ 5) and 2 (i.e., 1 ∗ 2).

B. WEIGHT-AWARE NoSI (W-NoSI)
In this problem, we assume that the scheduling instances
have no information on the future activity sequence and the
corresponding service times, as presented in Figure 4(c).
They only have the complete information on the weight,
with the information on the next activity available only after
the completion of the current activity. For instance, we are
unaware of howmuch time is required for r5 and r6 to operate
on p5. Moreover, we do not know which patients in the
process will enter the MRI queue. We are only aware of the
fact that p5 and p6 have the weight of 1, whereas p4 has 10.
After the completion of the current activity of p4 (i.e., at time
t + 1), we recognize that this patient needs to undergo
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FIGURE 4. Different status at MRI operation and corresponding optimal schedules.

MRI. The scheduling instances are calledweight-awareNoSIs
(W-NoSIs).

Suppose the activity sequence of p5 in Figure 4(c) includes
triage, MRI, and evaluation in order. The corresponding
W-NoSI is represented by wni1 = (p5, pmap), where
pmap(a1) = triage, pmap(pt1,r1) = 10, pmap(a2) = MRI ,
pmap(pt2,r5 ) =⊥, pmap(pt2,r6 ) =⊥, pmap(a3) =⊥, and
pmap(weight) = 1.

VI. IMPLEMENTING THE APPROACH: OPTIMIZING
TWTC OF WEIGHT-AWARE NoSIs
Based on the approach proposed in section IV, we develop a
method to solve the problem introduced in section V. More
in detail, we aim to use the resource allocation that takes
scheduling parameters, including 1) the next activity and
2) the service times of W-NoSIs. To this end, we predict
the next activity and the service times of W-NoSIs and
enhance W-NoSIs with the prediction. Next, we apply the
optimal resource allocation defined over the parameters to
minimize the TWCT. In the following, we introduce the
rationale behind design choices to implement the approach.
Next, we elaborate on each phase.

A. OFFLINE PREDICTION MODEL CONSTRUCTION
To implement the proposed method, we need two prediction
models: one for predicting the next activity and another for
predicting the service time of an activity by a resource. In this
phase, we aim to construct the prediction models.

1) EXTRACTING FEATURE VECTORS
First, feature vectors are generated by feature encoding
(enc) suggested in [38] that produces feature vectors con-
sidering contextual information in both knowledge-driven

and data-driven manners. The feature encoding consists
of two components: intra-case feature encoding (encintra),
which encodes intra-case dependencies and inter-case feature
encoding (encinter ), which encodes inter-case dependencies.

The intra-case feature encoding encintra ∈ U∗event ×
N→ U∗event generates the intra-case feature: encintra(σ, k) =
⟨en−k+1, . . . , en⟩,where σ = ⟨e1, . . . , en⟩ and k ≤ n. Sup-
pose σ = (e1, e2, e3). encintra(σ, 2) = (e2, e3) becomes the
intra-case feature. The inter-case feature encoding encinter ∈
U∗event×UEL → Uval computes a feature given a trace and an
event log. For instance, enc1inter (σ,EL) = γ1({δ(σ )|σ ∈ EL})
returns the number of ongoing instances concurrently pro-
cessed with σ based on EL ∈ UEL . For a detailed explanation
and possible inter-case features, we refer readers to [38].

2) TRAINING PREDICTION MODELS
To implement the approach, we train the prediction models
for the service time and the next activity prediction based
on Bayesian Neural Networks (BNNs). In predictive busi-
ness process monitoring, recent techniques use deep neural
networks to achieve high accuracy [15]. However, the exist-
ing studies lack the explainability, especially the uncertainty
of predictions, essential for assessing the reliability of the
forecasts. BNNs enhance deep neural networks through the
introduction of uncertainty to the networks.

Unlike traditional deep neural networks, wherein we aim to
find point estimates for network parameters in the network,
BNNs aim to find the posterior distribution of the parameters
given a prior to them. However, it is particularly challenging
to compute the posterior inference due to the nonlinearity and
non-conjugacy of deep neural networks [39].Moreover, tradi-
tional algorithms do not scale to a large number of parameters
in deep neural networks.
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In this regard, several studies have been suggested to
approximate the posterior inference for BNNs, includ-
ing variational Bayes [40] and probabilistic backpropaga-
tion [41]. However, each method requires different training
methods that accordingly require non-trivial changes in the
structure of the neural networks, thus impeding the use of
recent techniques for predictive business process monitoring.
Moreover, these approaches come with a prohibitive com-
putational cost. For instance, to represent uncertainty, the
number of parameters is doubled for the same network size.

In this method, we use the Monte Carlo dropout frame-
work [42], [43], which requires trivial modifications in the
existing architectures of deep neural networks, while provid-
ing uncertainty estimations in less computation time com-
pared with other approximation methods. The basic idea of
the Monte Carlo dropout framework is to apply stochas-
tic dropouts [44], which drops out the units in the layer
with probability after each hidden layer. The resulting model
outputs are considered as random samples produced by the
posterior distributions of the network parameters. The model
uncertainty is calculated by the sample variance of the model
outputs generated via multiple repetitions.

a: SERVICE TIME PREDICTION MODEL
modelst ∈ Umodel is a function that returns the most likely
service time of the current activity and the uncertainty of the
prediction. Figure 5 presents an architecture of the service
time prediction model. First, intra-case feature ftintra is passed
into LSTM layers to extract the sequential pattern that is
internal to the case by considering the long-term dependency.
Next, the information is concatenated with inter-case feature
ftinter that contains the contextual information outside the
case. Note that we do not use the inter-case feature as an input
for LSTM layers since we assume that the inter-case feature
does not have sequential patterns that can be learned from
LSTM. Finally, a fully connected layer produces the predicted
service time ŷi given the concatenated vector. In order to
incorporate the Monte Carlo dropout framework, dropouts
with probability p are applied to the layers of the neural
network.

After repeating this procedure k times, we have k outputs,
{ŷ(1)i , . . . , ŷ(k)i }. The prediction is computed as sample mean
of the outputs:

y∗st =
1
k
6k
h=1ŷ

(h)
i (1)

The prediction uncertainty is approximated as sample vari-
ance of the outputs:

ucst =
1
k
6n
h=1(ŷ

(h)
i − y

∗
st )

2 (2)

The network weights are iteratively updated using the
Adam algorithm [45] such that the mean absolute error
between the actual service time and the predicted service time
is minimized. As a regularization strategy to avoid overfitting
of prediction models, we employ Batch Normalization [46].

FIGURE 5. An architecture of the service time prediction model.

b: NEXT ACTIVITY PREDICTION MODEL
modelact ∈ Umodel is a function that returns the most likely
next activity and the uncertainty of the prediction. The archi-
tecture of the next activity prediction model follows the one
of the service time predictionmodel. However, contrary to the
processing prediction where the target variable is numerical,
the target variable in the next activity prediction is categorical.
The target variable is represented using one-hot encoding.
Suppose A is the set of all possible next activities and |A|
indicates the size of the set and A(i) the activity at index i.
Given that A = {a, b, c}, A(1) = a, A(2) = b, and A(3) = c.
It should be noted that we assume consistent ordering over the
set of activities, e.g., A(1) is always a. One-hot encoding of
a, b, and c are represented as [1, 0, 0], [0, 1, 0], and [0, 0, 1],
respectively.

Similar to the service time prediction, we generate k model
outputs, {ŷ(1)i , . . . , ŷ(k)i } where, for any 1 ≤ m ≤ k , ŷ(m)i =

[ŷ(m)i,1 , . . . , ŷ(m)i,|A|] is a one-hot encoded vector such that each
element represents the probability of the corresponding activ-

ity, e.g., ŷ(m)i,1 indicates the probability of A(m) as the next
activity.

The prediction is computed as the activity at the index that
exhibits highest sample mean of the outputs:

y∗act = A(m) (3)

such that m = arg maxx∈N∧1≤x≤|A|(ȳi,x), where ȳi,x =
1
k6

k
h=1ŷ

(h)
i,x . The prediction uncertainty is approximated as

sample variance of the outputs:

ucact =
1
k
6k
h=1(y

(h)
i,m − ȳi,m)

2 (4)

such that ȳi,m = 1
k6

k
h=1ŷ

(h)
i,m.Moreover, we update theweights

in such a way that weminimize the cross-entropy between the
predicted next activity and the actual next activity.

B. ONLINE RESOURCE SCHEDULING
1) PARAMETER PREDICTION
Using the prediction model we constructed in the previ-
ous phase, we make predictions on the W-NoSIs. Once a
scheduling instance completes the latest activity and waits
for the next activity (i.e., a released instance), we predict the
service times of its next activity by different resources using
modelst . If a scheduling instance is currently under operations
(i.e., a non-released instance), we first predict its most prob-
able next activity using modelact and then predict its service
times in the same manner as for the released instance.
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Algorithm 1 describes the prediction algorithm. If the
scheduling instance si is released, as shown in lines 3-13,
we predict the service times of si required by the responsible
resources. The resulting service times by different resources
are stored in ST . In the case of a non-released instance,
as depicted in lines 14-28, we first predict the next activity
and then the service times by different qualified resources.
The predicted values are stored in ST . Note that only the
predictions above thresholds (i.e., τact and τst ) are considered.

Algorithm 1 Prediction
Require: W-NoSI si, event log EL, resource set R, service

time prediction model modelst , next activity prediction
model modelact , threshold for next activity prediction
τact , threshold for service time prediction τst

Ensure: Predicted service times of si’s next activity by dif-
ferent resources ST

1: ST ← empty dictionary
2: σ ← getTrace(si)
3: if isReleased(si) then
4: for r ∈ R do
5: if canHandle(r, getNextAct(si)) then
6: valst , utst ← modelst (si,EL)
7: if 1− utst ≥ τst then
8: ST [r]← valst
9: else

10: ST [r]←⊥
11: else
12: actnext , utact ← modelact (si,EL)
13: if 1− utact ≥ τact then
14: for r ∈ R do
15: if canHandle(r, getNextAct(si)) then
16: pj, utst ← modelst (si,EL)
17: if 1− utst ≥ τst then
18: ST [r]← valst
19: else
20: ST [r]←⊥
21: return ST

For p5 and p6 in Figure 4(c), we predict the service times by
r5 and r6. For p4, we first predict the next activity (i.e., MRI
operation) and then identify the resources who can perform
the task (i.e., r5). Subsequently, we predict the service time
of the MRI by r5. This manner enables us to enhance the
NoSIs in Figure 4(c) to the complete scheduling instances that
have information on the next activity and its service times by
different resources, as presented in Figure 4(a).
The time complexity of Algorithm 1 depends on the com-

plexity of BNNs used in the algorithm, and the complexity
of a BNN depends on the specific MCMC algorithm used
for inference. Assuming that the MCMC algorithm requires
k samples and the time complexity of a single forward pass
is O(Ln2), where L is the number of layers, and n is the
number of neurons per layer, the total time complexity for
a single input example is O(MLn2). Since we have R number

of inputs, i.e., the number of resources, in the worst case, the
algorithm’s complexity is O(RMLn2).

2) OPTIMIZATION
For the optimization, we use the optimal resource allocation
based on the network simplex method, which is computa-
tionally more efficient than the other possible approaches
(e.g., integer linear programming and heuristic approaches
including genetic algorithm), by guaranteeing to provide opti-
mal solutions in polynomial time. To this end, after enhanc-
ing scheduling instances with predictions, we transform the
resource allocation problem into the minimum cost and max-
imum flow network problem that aims at finding a maximum
flow in the network with the smallest possible cost.

A network is a directed graph G = (V ,E), such that
E = V × V with a source node s ∈ V and a sink node
t ∈ V , where each arc (u, v) ∈ E has capacity capa(u, v) > 0,
flow fw(u, v) ≥ 0, and cost cost(u, v) ∈ R. For any
(u, v) ∈ E , fw(u, v) ≤ capa(u, v). The minimum cost and
maximum flow network problem aim to maximize the total
flow, i.e., 6(u,v)∈E fw(u, v) while minimizing the total cost,
i.e., 6(u,v)∈E fw(u, v)capa(u, v).
First, we construct a bipartite graph, such that the nodes

on the left denote the scheduling instances, ŜI , and those on
the right denote the resources, R. Subsequently, we add an
edge connecting a pair of nodes in the bipartite graph, i.e.,
(si ∈ ŜI , r ∈ R) if the scheduling instance si can be processed
by the resource r . Note that, using the next activity predictions
in the previous step, we can add edges connecting the non-
released instances and the qualified resources.

We annotate each edge with (cost, capa), such that cost =
st+rem(si),rem(r),0)

w where st denotes the service time of si’s
activity by resource r , rem(si) denotes the remaining time
of si’s current activity, and rem(r) denotes the remaining
time for r to be ready, and w denotes the weight of si. Note
that the cost function is designed to optimize our objective
(i.e., minimizing the TWCT), i.e., lower cost is assigned to
edges with less service times and higher instance weights,
whereas higher cost is given if the instance or resource is
not prepared. Finally, we solve the minimum cost maximum
flow problem to find the optimal schedule, using the network
simplex method [47].

Algorithm 2 generates the optimal schedule of the given
instances and resources. Both released instances and pre-
dicted non-released instances (i.e.,non-released instances in
which the uncertainties of predictions are above the given
thresholds), ŜI , are instantiated to the set of nodes on the left-
hand side of a bipartite graph. The resources, R, are instanti-
ated to the set of nodes on the right-hand side of the bipartite
graph. As shown in lines 1-7, we first produce a source
node and a sink node and then add edges connecting the
source node to the left and right nodes to the sink node with
(cost = 0, capa = 1). Next, we add edges connecting
the left nodes and right nodes if the resources can process
the instances with (cost, capa = 1) such that cost =
ptj+max(rem(si),rem(r),0)

w .
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Algorithm 2 Resource Scheduling Algorithm

Require: set of scheduling instances ŜI , set of resources R,
event log EL, set of service times ST

Ensure: Optimal ScheduleM
1: Produce source node s, sink node t;
2: for node si ∈ ŜI do
3: add edge (s, si, (0, 1))
4: for node r ∈ R do
5: add edge (r, t, (0, 1))
6: for node si ∈ ŜI do
7: ST ← predict(si,EL)
8: for node r ∈ R do
9: if ∃ r ∈ getKeys(ST ) then
10: cost ← st+max(rem(si),rem(r),0)

w
11: add edge (si, r, (cost, 1))
12: M ← NetworkSimplex(S,T )
13: returnM

Figure 6 shows the minimum cost and maximum flow
network problem that represents the situation depicted in
Figure 4(c). In the network, ŜI has three elements, i.e., ŜI =
{p4, p5, p6}where p4 is a non-released instance and p5, p6 are
released instances. R has two elements, i.e., r5, r6, all ready
for the assignments. The arcs are annotated with the corre-
sponding (cost, capa). The network simplex method returns
an optimal schedule at time t , where the optimal matches are
indicated by bold lines, i.e., p4 to r5, p5 to r6.
The time complexity of Algorithm 2 relies on the complex-

ity of the network simplex algorithm. The worst-case time
complexity of the algorithm is O(VElogV ), where V is the
number of nodes and E is the number of edges [48]. However,
in practice, the algorithm performs better than its worst-case
complexity suggests, e.g., by exploiting the sparsity of the
network.

FIGURE 6. An example of resource scheduling.

We identify executable and non-executable matches from
the optimal schedule. An executable match indicates that both
the corresponding instance and resource are available at the
current time, whereas a non-executable match indicates that
either of them is not available. In Figure 6, p5 and r6 have an
executable match, whereas p4 and p5 have a non-executable
match. We only execute executable matches, i.e., p5 and r6.

VII. EVALUATION
This section evaluates the proposed method using a synthetic
event log and a real-life event log. The evaluation objectives

are twofold: 1) evaluating whether the proposed method pro-
duces the schedules ofW-NoSIs that optimize TWCT at a rea-
sonable computation time and 2) evaluating the effects of the
inaccuracy of the prediction on the scheduling performance.
Based on our objectives, we devise the following research
questions (RQs):
• RQ1: Does the proposed method improve the perfor-
mance of TWCT optimization compared to a baseline
approach?

• RQ2: Does the proposed method impede the computa-
tion time compared to a baseline approach?

• RQ3: Does the accuracy of predictions in the proposed
method affect the performance of TWCT optimization?

To answer the first two questions, we compare our pro-
posed method with the optimal resource allocation defined
over the already-known information (i.e., the weight and the
next activity if the instance is released) without any predic-
tions, both in terms of the scheduling performance and com-
putation time. In section VII-A, we elaborate this approach
as a baseline. For RQ3, we conduct experiments by using the
proposed method, but replacing the predictions with random
values generated by adding some noise to the actual values.
By changing the amount of noise, we measure the impact of
inaccurate predictions.

For the predictionmodel construction, we initialized all the
network weights using a uniform random distribution over
[−0.1, 0.1]. The models were trained with a batch size of
16 with 100 epochs and a learning rate of 0.001. When a
metric stops improving, the learning rate decreases by a factor
of 0.1. The training is stopped if the loss stops decreasing for
five epochs.

The implementations are written in Python (version 3.6.2),
and the source code is publicly available at GitHub repos-
itory.1 The experiments were conducted using a quad-core
7th-Generation Intel Core i5 processor with 32GB of RAM.

A. A BASELINE APPROACH
Given that we do not adopt the proposed approach, the best
alternative approach is the maximum exploitation of the pro-
vided information. By definition of W-NoSI, we have the
information on the weight of a scheduling instance and its
next activity if it is already released. Considering the given
information, assigning the scheduling instances with higher
weights earlier than the oneswith lowerweights is the optimal
way to produce a schedule. This means that we should find
the schedule that maximizes the total weights of the assigned
instances.

For instance, there is no difference between assigning
1) p5 to r5 and p6 to r6 and 2) p5 to r5 and p6 to r6, i.e.,
in any case, assignments have the total weights of 2. With
the given information, it is expected that 1) and 2) have the
same cost. However, assume that there exists one more p′ in
Figure 4(c) that has the weight of 8 and requires resource r6.
In this case, we should assign p′ to r6 and p5 or p6 to r5

1https://github.com/gyunamister/prediction_based_resource_allocation
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(i.e., the total weights of 11), since the waiting time of p′

(i.e., higher completion time of p′ as a consequence) con-
tributes to the higher objective.

Since our problem now is to find the maximum total
weights, we can represent it as the minimum-cost and
maximum-flow problem as in Section V, and find the optimal
solution by solving the problem. However, contrary to the
proposed method, we use the additive inverse of weight w
(i.e., −w) as the cost function, since maximizing the weights
corresponds to minimizing their additive inverses.

B. EXPERIMENT ON AN ARTIFICIAL
HEALTHCARE PROCESS
1) EXPERIMENTAL DESIGN
For the experiment, we designed a simplified process in the
emergency department of a hospital. The process comprises
11 activities and 25 resources. The resources have their own
set of activities to perform, and the service times for the
activities depend on their proficiency level. Patients with
different priorities ranging from 1 to 10 arrive regularly at
the process. Assuming a non-clairvoyant environment, we are
unaware of when a patient is ready for the next operation.
Also, the patient’s next activity is known after the completion
of the patient’s current activity.

For the construction of prediction models, we simulate the
process for seven days and generate the event log containing
6,575 events and 1,000 instances. For the resource allocation,
we use a set of scheduling instances (i.e., patients) that enter
the process at a regular interval. To evaluate the proposed
method in different business environments, we create five
sets, involving 40, 60, 80, 100, and 120 patients, respectively.
The patients in each set are assumed to arrive at equal inter-
vals for 3 h. For instance, a set of 40 patients enter the process
at every 3/40 h.

We answer RQ1 and RQ2 by comparing the TWCTs and
the computation times of the proposed method and the base-
line approach with different numbers of patients for resource
allocation. To answer RQ3, we analyze the TWCT by varying
the accuracy of the predictions from 0% to 100%.

2) RESULTS
Figure 7(a) presents the results related to RQ1 with the sets of
80, 90, 100, 110, 120, 130, 140, 150 and 160 patients. In all
cases of different sets, the proposed method outperforms the
baseline approach at optimizing schedules in terms of the
TWCT since it identifies the most efficient resources and
considers potential instances when producing schedules. For
example, when the number of patients is 100, the TWCT of
the baseline approach (i.e., 6,348) is 14% higher than that of
the proposed method (i.e., 5,420).

Regarding RQ2, Figure 7(b) presents the computation time
required for the proposed method and the baseline approach.
The computation time of the proposed method is relatively
higher than that of the baseline approach. The higher compu-
tation time results from computing predictions. However, as

the underlying process lasts 3 h, the total computation time
required (i.e., less than 80 s) is suitable for the real-time use
of the proposed method.

Figure 8 presents the effect of prediction accuracy on
scheduling accuracy. The experiment emulates X% accuracy
in the service time prediction through the provision of an
absolute percentage error of (100−X )% in the actual service
time. For example, given the accuracy of 80%, it is pre-
dicted that the actual service time of 10 in the experiment is
8(= 10− 2) or 12(= 10+2). We also imitate the accuracy of
X% in the next activity prediction using theX%of predictions
with the actual next activity and (100−X )%with the incorrect
one. For instance, the accuracy of 80% means that 80% of
the next activity predictions are the actual next activities,
and 20% of the predictions are provided with the incorrect
activities.

As presented in Figure 8, a huge difference is observed
in the TWCT between poor prediction accuracy (i.e., 0% to
40%) and fairly good prediction accuracy (i.e., 60% to 100%).
In the case of 110 patients, the TWCT with the prediction
accuracy of 0% to 40% is about 8,000, whereas the one with
the prediction accuracy of 60% to 100% is about 6,000. As the
prediction accuracy increases from 40% to 60%, the schedul-
ing performance also improves significantly. For example,
the scheduling performance improves from 7670 (with 40%
accuracy) to 6036 (with 60% accuracy).

The dotted line indicates the TWCT produced by the base-
line approach. In most cases, the objective value is lower
than that of the baseline approach when achieving 60% of the
prediction accuracy. In the worst case, i.e., when the number
of patients is 130, 80% of the prediction accuracy is required
to reach the objective value lower than the baseline approach,
whereas the best case is when the number of patients is 100,
where the lower objective is achieved with just 50% of the
accuracy.

Note that the prediction accuracy and TWCT do not have
positive relationships in all cases. It is due to limited infor-
mation, i.e., we still do not know the whole future sequence
of patients; thus, the efforts to greedily find local optimal
solutions do not lead to the global optimum solution.

C. EXPERIMENT ON A REAL-LIFE HEALTHCARE PROCESS
1) EXPERIMENTAL DESIGN
This experiment uses the real-life event log from the emer-
gency department in a tertiary hospital in South Korea. The
underlying process of the event log consists of 18 activities,
which are operated by 754 resources who work in a shift
system. The event log contains 421,995 events by 27,478
patients who entered the emergency department to perform
the activities from January 1, 2018, to November 30, 2018.
Each patient has a numerical indicator describing the symp-
tom severity.

We create the historical event log used for the prediction
model construction by filtering the events before October
2018. Then, we generate the set of scheduling instances for
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FIGURE 7. Total weighted completion time and computation time of varying |C |.

FIGURE 8. Effect of the prediction accuracy on the total weighted completion time.

each date from November 1 to 15, 2018 using the informa-
tion on the patients who entered the process on each date.
In other words, we have 15 sets of scheduling instances,
where each set consists of the patients who appeared on each

date. For example, the set for November 1, 2018, is composed
of 87 scheduling instances requiring resource allocation.
We scale the indicator for the symptom severity to the range
between 0 and 10. As in the previous experiment, we do not
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FIGURE 9. Total weighted computation time and computation time for each date.

have the information on the exact service times of activities
by different resources unless recorded in the event log. Thus,
we use the estimation models to estimate the expected service
times by different possible resources. Such models are built
from the historical log separately from the ones used in the
proposed method.

2) RESULTS
Figure 9 presents the experimental results that compare the
proposed method and the baseline approach both in terms of
the scheduling performance and the computation time. The
proposed method outperforms the baseline approach, for any
set of scheduling instances. For example, on November 1,
2018, the proposed method has the TWCT of 4871, whereas
the baseline approach has 5386. This means that the proposed

method improves the objective by 9.6% compared with the
baseline approach.

However, the proposed method has a much higher compu-
tation time compared with the baseline approach. This is due
to the high number of predictions generated by the proposed
method to find the most efficient resources among the pos-
sible resources. For example, out of the 721.6 seconds spent
on the resource allocation on March 01, 2018, 710.4 seconds
were spent on the predictions. However, considering that
we produce schedules for the whole day, a few minutes of
computation does not hinder the application of the proposed
method.

VIII. DISCUSSION
In the evaluation section, we have presented the effectiveness
and efficiency of the method on one artificial log and two
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real-life logs. The proposed method significantly reduces
the TWCT by allocating the most efficient resource to the
instance and saving some resources for cases with higher
priorities when they are predicted to be released. Although
making predictions requires additional computations result-
ing in a relatively high computation time, the experiments
have demonstrated that it is still feasible to use the method
in practice. Moreover, the experiments indicate that the pro-
posed method produces stable scheduling performances at a
certain level of prediction accuracy.

Our work has important implications for both research and
practice. From a research perspective, it combines the predic-
tive business process monitoring in process mining and the
optimization in operations research to improve business pro-
cesses by optimizing resource allocation in a non-clairvoyant
business environment. From a practical perspective, our pro-
posed method provides practitioners with an efficient method
for optimizing resource allocation in their business processes
based on novel predictions.

This work has several limitations. The proposed approach
depends on the accuracy of a prediction model, making the
construction of accurate prediction models preliminary to
applying the approach. Experiments have demonstrated that
inaccurate prediction of the service time of an instance hin-
ders finding the instance with the most efficient resource.
Moreover, the evaluation in real-life logs has the following
limitation: we do not have complete information (i.e., service
times by different alternative resources) to simulate the exper-
iments. Alternatively, we estimated the required information
using estimation models that produce it as close as possible
to reality; however, there is no guarantee that the estimated
values are the same as the reality.

IX. CONCLUSION
This paper suggested a novel two-phase approach to improve
a business process using prediction results from predic-
tive business process monitoring techniques. We specifically
focused on non-clairvoyant resource allocation problems in
business processes where we have limited information on
the scheduling instances, for which we strive to optimize the
schedules. The first phase aims to construct predictionmodels
predicting the values of parameters defined in the scheduling
instances. The second phase optimizes the schedule of the
scheduling instances by predicting the missing values of the
parameters and applying a technique for optimal resource
allocation. To evaluate the effectiveness of the proposed
approach, we defined a specific non-clairvoyant resource
allocation problem, where we can optimize the schedules of
weight-aware non-clairvoyant scheduling instances in terms
of the TWCT. Based on the proposed approach, we developed
a method for solving the problem by incorporating the BNNs
into the minimum cost and maximum flow algorithm.

In future work, we plan to extend the two-phase
approach so that other goals in business processes can be
achieved, aside from optimizing resource allocation, such
as minimizing the potential risks in the business process.

Another direction of future work is to apply the proposed
approach to developmethods that solve other non-clairvoyant
resource allocation problems with different scheduling
instances and objectives. Also, we plan to deal with concept
drift in the approach. As presented in the evaluation, the
efficiency of the proposed approach depends on the con-
struction of accurate prediction models. Since the business
environment has a dynamic nature, the prediction models
should adapt to the environment’s gradual and incremental
changes (i.e., concept drift).
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