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Abstract: Predictive process monitoring, which utilizes historical event log data from previously executed business processes to provide
support for processes currently in progress, has emerged as a prominent area of research in recent years. By leveraging this technology,
organizations can improve work efficiency by allocating optimal human resources to tasks based on predictions. However, most of these
studies primarily focus on minimizing task completion time, which often results in an imbalance of workload among the human resources
executing the business processes. This imbalance can lead to overburdened employees and decreased overall productivity in the long term.
In this study, a predictive model generated from event logs is used to forecast activities to be executed in the future and estimate their
execution times. Based on these predictions, we propose an online human resource allocation strategy that prioritizes workload leveling.
Validation using simulation-generated hospital event logs demonstrates that the proposed method successfully equalizes human resource
workloads, albeit with a slight reduction in immediate work efficiency.
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1. Introduction

In recent years, data analysis has been used as an effective
method for organizations to improve their business processes. Pro-
cess mining is one such data analysis method that analyzes event
logs, which are records of business activities recorded by informa-
tion systems, and uses them for process improvement.Many process
mining methods are offline methods that use event logs of past busi-
ness processes that have already been completed. On the other hand,
online process mining for running business processes has recently
been attracting attention. Among them, predictive process monitor-
ing [1, 2] is an approach that enables effective process execution by
predicting and dealing with the future state of an executing business
process [3, 4]. In addition to event logs, predictive process monitor-
ing handles data called event streams, which are data from running
business processes. By using machine learning to build predictive
models from event logs and analyzing event streams, predictions
can be provided for the completion time of an event being executed,
the next activity, and so on.

The information provided by process mining can be applied to
staffing, in which workers are assigned to tasks as human resources.
Appropriate staffing using the results of process mining analysis
can improve the work efficiency of business processes [5]. In the
no-clairvoyant online job shop scheduling problem, where future
activities are unknown, predictions obtained from predictive process
monitoring can be used to assign personnel to efficiently complete
tasks [6].

However, these methods prioritize completing tasks in the
shortest possible time, which can result in resource allocation
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strategies that disproportionately burden specific human resources.
Since uneven work hours among human resources increase the risk
of work inefficiency due to overload, existing human resource allo-
cation methods may have a negative impact on business processes
in the long run.

In the field of resource allocation, workload balancing meth-
ods have been studied to reduce the risk of resource overload by
leveling workloads [7]. Silaban and Margaretha [8] demonstrated in
their study conducted in Indonesia that work–life balance has a posi-
tive impact on job satisfaction and employee retention. Furthermore,
Herawaty et al. [9] showed through their research in the banking
sector that work–life balance positively influences employee reten-
tion. Based on their research findings, it is suggested that improving
work–life balance through workload leveling may contribute to
enhanced job satisfaction and employee retention. However, in the
field of predictive process monitoring, there is little research that
considers workload leveling.

Based on a two-step method combining predictive process
monitoring and human resource allocation proposed by a previous
study [6], this study proposes a method for fair allocation of per-
sonnel with distributed workload during business process execution.
A predictive model is built by analyzing the event logs generated by
the simulation in a hospital to predict future activity and work hours
of a running business process. It is believed that human resource
allocation that takes workload leveling into account can reduce the
risk of overload and promote work proficiency. Furthermore, it pro-
vides human resource allocation that improves both work hours and
workload leveling.

The objective of this study is to propose a method for fair
human resource allocation by leveraging predictive process moni-
toring to balance workloads during business process execution. By
doing so, we aim to enhance process efficiency while mitigating the
risk of resource overload.
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The remainder of this paper is organized as follows: Section 2
describes event logs; Section 3 introduces research related to this
paper; Section 4 describes workload leveling; Section 5 describes
our proposed method; Section 6 describes the experiments, results,
and discussion; and Section 7 concludes this paper.

2. Preliminaries

The event log is data that records the history of business pro-
cesses executed through the information system. An example of an
event log is shown in Table 1. The event log in Table 1 is the his-
tory of patient care and examinations in a hospital and contains case
IDs, activities, resources, and timestamps of the start and end times
of events. A case with the same case ID is called a trace or a pro-
cess instance. In the event log shown in Table 1, each case in a
business process corresponds to an individual patient and is distin-
guished by a case ID. The process, such as an examination, that each
patient undergoes is associated with the patient’s case as an event,
and the work content of the event is recorded in the event log as an
activity. Each event has attributes such as the resources required to
perform the activity and the timestamps of the event start and end
times, which are also recorded in the event log. In the event log
shown in Table 1, the resources recorded are the human resources
that executed the activity.

3. Related Works

In this section, we present related studies to this research.

3.1. Predictive process monitoring

Predictive process monitoring is defined as a method that takes
as input the event logs of currently running and previously executed
traces, with the goal of generating predictive models that can be
used to predict specific values of process instances [10, 11]. Pre-
dictive process monitoring builds predictive models from the event
logs of previously executed business processes as a first step tomake
predictions about the running business process. This is done using
statistical methods such as stochastic queueing models used by Ha
et al. [7] and machine learning methods used by Pika and Wynn [3].
Information about human resources in a business process can also
be extracted from event logs, for example, by using a method that
encodes human resource work experience as a feature [12]. In the
next step, the predictive model is used to make predictions about
the running business process. Tax et al. [13] used Long Short-Term
Memory (LSTM) networks to predict both time and next events. The
resulting forecasts can be used to support the execution of business
processes, such as considering preventive measures against risks.

Predictive process monitoring can be applied to various
domains in different countries. While this paper focuses on artificial
logs in hospitals, there are cases where it has been applied to diverse
domains and countries, including an Italian bank [14], a Dutch bank
[13], a Belgian airport [15], and a multinational company in the
coatings and paints industry in the Netherlands [16].

3.2. Resource allocation

Resource allocation in a business process aims to execute
each task of a certain process instance at the right time and with
the right resources [17]. Figure 1 shows the relationship between
human resources and tasks in a business process. In Figure 1, human
resources in a business process are associated with tasks that can be
executed by each resource. The relationship between resources and
executable tasks is not always one-to-one. For example, task wi5 can
only be executed by human resource r3, but human resource r3 can
execute two different tasks wi4 and wi5. Since resources in a busi-
ness process are usually limited, it is necessary to allocate resources
efficiently to execute a given task under resource constraints.

Because of the importance and complexity of the resource
allocation problem in business processes, various approaches have
been developed in recent years to support it semi-automatically; the
work of Pufahl et al. has systematically summarized approaches
to resource allocation in business processes [5]. Most approaches
to resource allocation in business processes are based on a pro-
cess orientation that attempts to identify the optimal combination

Figure 1
Relationship between resources and tasks

Table 1
Example of event log

Case ID Activity Resource Start timestamp Complete timestamp
1 Registration 1 25:00 26:00
1 Triage and Assessment 3 27:00 28:00
1 Intravenous 6 28:00 29:00
1 X-ray 8 30:00 31:00
1 Evaluation 14 31:00 32:00
1 Admission 20 33:00 34:00
1 Discharge 23 35:00 36:00
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between tasks and resources based on time constraints, such as the
capabilities and deadlines required to execute the tasks, and charac-
teristics of the resources, such as their capabilities and experience.
Research aiming to minimize the execution time of a process [18]
and research aiming to minimize the cost of executing a process [19]
fall under the process-oriented approach. On the other hand, there is
also research on resource orientation that focuses more on resources
in business processes. Research aiming to optimize human resources
considering resource availability constraints [20, 21] and research
aiming to optimize worklists that list tasks to be performed by each
resource [22] fall into this category. Various algorithmic approaches
have been proposed to achieve these goals. These include genetic
algorithms [19], machine learning approaches [23, 24], and answer
set programming [25]. Li et al. [26] conducted a study of resource
allocation in emergency management. Häfke and van Zelst [27]
proposed a method for checking the feasibility of resource-focused
processes. Yeon et al. [28] proposed a resource allocation method
focusing on social networks. Our research differs from these stud-
ies in that it is an approach that balances the efficiency of business
process execution and fairness among human resources at the time
of business process execution.

4. Workload Leveling

This section describes and defines workload leveling.

4.1. Workload leveling in business processes

In business processes, the workload of workers executing tasks
is a factor that has a significant impact on the work efficiency of
individuals and organizations. If the workload is excessive, the indi-
vidual or organization will experience stress, which will reduce
work efficiency [29]. On the other hand, appropriate assignment of
tasks can develop workers’ skills and provide opportunities for task
mastery [30]. Insufficient workload may result in loss of human
resource proficiency opportunities and motivation and thus lower
work efficiency. Workload leveling is one of the methods that can
avoid overload and underload. Ha et al. [7] proposed a process
execution rule for workload leveling using individual worklists of
human resources.

4.2. Definition of workload leveling

In a business process in which multiple human resources exe-
cute multiple activities, each human resource can be classified into
groups according to the type of activity it executes. In this study,

it is assumed that each human resource performs one or two types
of activities and does not belong to more than one group. In this
situation, it is not realistic to equalize the workload of all human
resources equally if there are differences in the frequency and dura-
tion of each activity. Therefore, the workload leveling of human
resources is performed within each group, which is divided by the
type of activity to be performed. To achieve workload leveling
within each group, this study adopts an approach that minimizes
the variation in workload among human resources belonging to a
group. The workload variance is defined as the difference between
the largest workload and the smallest workload among the human
resources in a group. The workload is defined as the cumula-
tive work time that each human resource has spent performing an
activity.

4.3. Workload leveling in process mining

Most resource allocation studies using process mining or pre-
dictive process monitoring do not consider workload leveling. This
is due to the fact that many studies aim to complete the task at hand
in the least amount of time. For example, if two human resources
are responsible for the same type of task, and one is able to perform
the task faster than the other, the better one can minimize the time
to complete the work by completing more tasks [7]. Such a human
resource allocation method can be said to be an allocation method
that emphasizes short-term work efficiency because it minimizes
the completion time of the current task at the expense of increas-
ing the risk of overload by biasing the work toward superior human
resources. Conversely, the human resource allocation proposed in
this study reduces the current work efficiency instead of equalizing
the task allocation. The improvement of work efficiency through the
prevention of overload and the enhancement of learning opportuni-
ties and motivation may contribute to the improvement of business
processes over a long period of time, instead of being difficult to
achieve in a short period of time. For example, reducing overload
situations may prevent worker absences and turnover, thereby limit-
ing the loss of human resources. Therefore, such an approach is one
that emphasizes long-term efficiency.

5. Proposed Method

A schematic diagram of the proposed method is shown in
Figure 2. The method consists of two phases. Phase 1, which is per-
formed offline, builds a prediction model from event logs using an
LSTM neural network. Phase 2, which is executed online in paral-
lel with the running business process, has three steps: predicting the

Figure 2
Overview of the proposed method
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next task and the time required, allocating human resources based
on workload leveling, and processing the execution. The three steps
are repeatedly executed using event streams, which are data from
the running business process.

5.1. Predictive model building

LSTM neural networks are used to build a prediction model
that predicts the activities that will be executed in the future and the
work time of the process instances in progress. This part is based on
the work of Park and Song [6]. The flow of constructing the predic-
tion model is shown in Figure 3 [7]. An LSTM neural network is
constructed using feature vectors extracted from event logs as train-
ing data. The architecture proposed by Tax et al. [13] is used to
construct the neural network. With this architecture, a shared LSTM
layer for both prediction goals is followed by an LSTM layer spe-
cialized for predicting the next activity (red box in the figure) and an
LSTM layer specialized for predicting the time until the next event
(green box in the figure). Each LSTM layer is composed of con-
secutive LSTM cells, and the arrows connecting LSTM layers of
the same color in Figure 3 indicate that multiple consecutive LSTM
cells constitute an LSTM layer.

The prediction model to be built is trained to be able to predict
the execution time hd1(tlk−1(𝜋T(𝜎))) of a running activity and the
next activity hd1(tlk(𝜋A(𝜎))) with the event stream hdk(𝜎) as input.
In the training example in Figure 3, the event stream hd2(𝜎1) = <e1,
e2> is used as input to learn the execution time of event e2 (2) and
the next activity (a3). All previous events in the event log are vector-
ized by one-hot encoding. The length of the vector varies depending
on the type of activity and the number of human resources involved,
and the features corresponding to the activities performed and the
human resources involved in each event are encoded as 1, while
other values are encoded as 0. In the example in Figure 3, we con-
sider the activities A = {a1, a2, a3} executed in the event log and the
human resources R = {r1, r2, r3} that executed each activity. The
input event stream hd2(𝜎1) = <e1, e2> considers three types of activi-
ties and three human resources, so the length of the one-hot encoding
vector is 6. If 𝜋A(e1) = a1, 𝜋R(e1) = r1, that is, event e1 is associated

with a1, r1, then e1 is encoded as [1,0,0,1,0,0]. Similarly, e2 is
encoded as [0,1,0,0,1,0]. In this vector, the three elements on the
left represent the execution of activities a1, a2, and a3 in sequence,
and the three elements on the right represent the human resources
r1, r2, and r3 that executed the events in sequence. The next activity,
hd1(tlk(𝜋A(𝜎))), which is the target for prediction, is also vectorized
in a similar manner from the event log. In the example shown in
Figure 3, activity a3 is encoded as [0,0,1]. Another prediction target,
the execution time of the ongoing activity hd1(tlk−1(𝜋T (𝜎))), uti-
lizes the numerical value of the working time recorded in the event
log directly for learning. The generated vectors are used to train the
model with the Adam algorithm tominimize themean absolute error
between the actual working time and the predicted working time, as
well as the cross-entropy between the next activity and the predicted
activity. Xavier initialization is used for weight initialization, and
dropout and batch normalization are employed for regularization.

5.2. Next activity and estimated time prediction

Using the constructed prediction model and the event stream,
predictions for the next activity and its execution time are generated.
In practice, these predictions are created through two consecutive
steps. As the first step, the data from the event stream is used as
input to generate a prediction for the next activity. For example,
the first prediction is generated by using the one-hot encoded vec-
tors {e1, e2} as input. The prediction generated at this step includes
the execution time of event e2 (3) and the next activity (a1).

Next, artificial events are created by combining the generated
predictions with past events, and these are used as the second input
to the prediction model. An artificial event ê3 corresponding to the
predicted next activity a1 is created. In this example, the predicted
next activity (a1) can be one-hot encoded in the same way as past
events by considering the human resource (r1) capable of executing
it. By combining this with past events {e1, e2}, a one-hot encoded
vector {e1, e2, ê3} is created and used as the input for the second
prediction. Based on the input vector, the prediction generated is
the execution time (2) of the next activity, which is the target of the
prediction.

Figure 3
Overview of the predictive model
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5.3. Allocation of human resources based on
workload leveling

Based on the generated predictions, the optimal allocation of
human resources is determined using the minimum-cost maximum-
flow algorithm [31]. Algorithm 1 presents the algorithm for
scheduling human resources. Additionally, Table 2 provides expla-
nations of the symbols used in Algorithm 1. The algorithm takes as
input a set of work items, which are the activities scheduled for exe-
cution, and the available human resources and outputs a resource
allocation based on the leveling of working hours. In lines 1–14,
a bipartite graph is constructed, consisting of two types of nodes:
scheduled activities and human resources. An example of the con-
structed bipartite graph is shown in Figure 4. According to lines
2–4 of Algorithm 1, the leftmost source node is connected to the
work item nodes via edges. The work item nodes may also include
activities predicted for future execution, represented as dotted cir-
cles. Next, as specified in lines 5–7, the nodes representing available
human resources are connected to the rightmost sink node via edges.
Subsequently, in lines 8–14, the work item nodes are connected
to their corresponding human resource nodes via edges. The edges
linking work items and human resources are assigned costs, rep-
resenting the variance in working hours among human resources
in each group. These costs are calculated based on the cumula-
tive workload of the human resources and the working hours of the
activities.

Algorithm 1

Resource scheduling algorithm for workload balancing
Input: ŴI, R̂　
Output: Pseudo-Assignment M̂
1: Produce source node s, sink node t;
2: for node wii,k ∈ ŴI do
3: add edge (s, wii,k, (0, 1))
4: end for
5: for node r j ∈ R̂ do
6: add edge(r j, t, (0, 1))
7: end for
8: for node wii,k ∈ ŴI do
9: for node r j ∈ R̂ do
10: wl j = wl j + pi,k, j
11: c ← max (WL) −min(WL)
12: add edge (wii,k, r j, (c, 1))
13: end for
14: end for
15: M̂ ← MinCostMaxFlow(s, t)
16: return M̂

The method for calculating the cost of edges is illustrated in
Figure 5. The bar graph in the figure represents the cumulative
workload of human resources A, B, and C, with the shaded por-
tions indicating the workload from newly assigned activities. Since
A, B, and C belong to the same group of human resources, they
can execute the same types of activities. When assigning a new
activity, three cost patterns are calculated under the assumption that
the activity is assigned to each of A, B, and C. Figure 5 specif-
ically illustrates the pattern where the activity is assigned to B.
Using the predicted execution time required for B to perform the
new activity, the workload of B at the point when the execution of
the new activity is completed can be calculated. The variance in
workload among the human resources at that point is determined by
the difference between the maximum workload (B’s workload) and

Table 2
Explanation of symbols in Algorithm 1

Notation Description
I, R, A Set of instances, resources, and activities
WI Set of work items
WL Set of resources workload in group
wii,k kth work instance Ii
wlj Total workload of Rj

pi,j,k Processing time of work item wii,k by Rj

c Cost of edge
s, t Source node, sink node

Figure 4
Example of a constructed bipartite graph

Figure 5
How to calculate costs

the minimum workload (A’s workload). The calculated variance in
workload among the human resources is then set as the cost for the
edge connecting the corresponding work item and human resource
nodes in the bipartite graph.

Next, in line 15 of Algorithm 1, the allocation of human
resources is determined using the minimum-cost maximum-flow
algorithm based on the network simplex method [31]. This algo-
rithm selects paths on the bipartite graph that minimize the costs
assigned to the edges. In the example shown in Figure 4, the selected
paths are represented by bold lines. Among the four work items,
three are assigned to the corresponding human resources connected
by the bold lines. The selected paths correspond to a human resource
allocation based on workload leveling, minimizing the variance in
workload among the human resources.

In this study, we aim to optimize resource allocation in a non-
clairvoyant online environment and adopt an approach that integrates
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LSTM-based predictionwith theminimum-cost andmaximum-flow
algorithm,rather thanusingreinforcement learningorheuristic-based
methods. Heuristic approaches assume that processing times and job
sequences are known in advance,making themunsuitable for our tar-
get environment, where such information is unavailable beforehand.
Additionally, reinforcement learning requires extensive trial-and-
error learning, which is impractical in business environments due to
thedifficultyofcollectingsufficient trainingdataandthenecessity for
immediate optimal resource allocation.Therefore,weemployLSTM
to predict processing times and the next activity, leveraging these
predictions within aminimum-cost andmaximum-flow algorithm to
achieve efficient scheduling.

5.4. Task execution

Tasks are executed based on the human resource allocation gen-
erated in the previous steps. Since the human resource allocation
generated in the previous steps includes pseudo-assignments that
involve tasks not currently executable, filtering is applied to remove
such tasks. This ensures that the resulting human resource allocation
only includes tasks thatcanbeexecutedat thecurrent time,whereboth
the corresponding instances and the human resources are available at
the presentmoment. For example, predicted future activities are exe-
cuted when they become executable, unlike other activities already
executable at the current time. Additionally, if human resources are
unavailable due to delays or other reasons, the task execution will
wait until the resources become available. The data from executed
instances is used as a new event stream for generating predictions. In
other words, the three steps within Phase 2 are repeatedly executed
online in parallel with the ongoing business process.

5.5. Multi-objective optimization

By combining theworkload leveling optimizationmethod from
Section 5.4 with an existing method [6] that optimizes the weighted
total task completion time, a multi-objective optimization approach
can be provided. In this study, a simple goal programming approach
[32] is employed to achieve multi-objective optimization, address-
ing the allocation of human resources in ongoing business processes.
In goal programming-based multi-objective optimization, multiple
objectives are optimized by minimizing the distance between the
target values and the actual values for each objective. When future
activities and their working times are unknown, it is not possible to
reverse-calculate the target working times for human resources from
the total working time of the final activities. To address this issue,
this study does not adopt a specific working time as the target value.
Instead, it adopts the variance in workload among human resources
within a group at the given point in time as the target value. The
workload variance is calculated as the difference between the maxi-
mum andminimumworkloads of the human resources in each group
and is set as the cost for the edges in the bipartite graph.

Algorithm 2 illustrates the scheduling of human resources
using the multi-objective optimization approach. Table 3 provides
explanations of the symbols used in Algorithm 2. In line 11 of Algo-
rithm 2, the costs for the multi-objective optimization approach,
which are assigned to the edges of the bipartite graph, are calcu-
lated. Among the expressions assigned to the cost c, the left term is
the cost (pi,k,j + max(rii,rrj,0))/wi defined in previous research, mul-
tiplied by a weight coefficient 𝜆 representing its importance. In the
existing method [6], this cost was designed to minimize the planned
working time of human resources, taking into account factors such
as the weight of each instance, to optimize the weighted total task
completion time. On the other hand, the right term is the cost (max

(WL)−min (WL)), proposed in this study, multiplied by a weight
coefficient 1−𝜆, which also represents its importance. Since both
terms are calculated based on the time it takes for human resources
to perform an activity in a single instance, they can be directly com-
pared. The multi-objective optimization approach allocates human
resources by considering both the proposed cost and the cost of the
existing method. By comparing the results of resource allocation
under different importance settings in the multi-objective optimiza-
tion approach, organizational decision-makers can select the human
resource allocation that is most beneficial to their objectives.

Algorithm 2 Resource scheduling algorithm for
multi-optimization

Input: ŴI, R̂　
Output: Pseudo-Assignment M̂
1: Produce source node s, sink node t;
2: for node wii,k ∈ ŴI do
3: add edge (s, wii,k, (0, 1))
4: end for
5: for node r j ∈ R̂ do
6: add edge(r j, t, (0, 1))
7: end for
8: for node wii,k ∈ ŴI do
9: for node r j ∈ R̂ do
10: wl j = wl j + pi,k, j
11: c ← 𝜆(pi,k, j + max (rii, rr j, 0))/wi + (1 − λ)(max (WL) −
min(WL))
12: add edge (wii,k, r j, (c, 1))
13: end for
14: end for
15: M̂ ← MinCostMaxFlow(s, t)
16: return M̂

Table 3
Explanation on symbols in Algorithm 2

Notation Description𝜆 Priority level of goal
wi Weight of instance Ii
rii Remaining time for Ii
rrj Rj to be ready

6. Experiments

Two experiments were conducted to verify the effectiveness
of the proposed method. First, we evaluate whether the proposed
workloadlevelingmethodcanallocatehumanresourcesandeliminate
workloadconcentration.Second,weverifywhetheramulti-objective
optimization method that considers both total work completion time
and workload leveling can provide useful alternatives.

6.1. Experimental setting

In the experiment, an artificial event log was generated from a
7-day simulation of a hospital emergency department operating 24
hours a day, handling 1000 patients with 25 human resources. The
event log records the case ID, activity, human resource responsible
for the activity, the start and end time of the event on the simulation,
timestamps of the start and end time, weights, and the time taken
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to execute the event. It also generates an event stream of 90 patient
visits at regular intervals as data for the running business process
to generate human resource assignments. Each patient is assigned
a weight from 1 to 10, assuming that the weights follow a uniform
distribution.Eachhuman resource canperformoneor twoof a total of
11different activities.Thesehumanresourcesareclassified intoeight
groups according to the types of activities they can perform. Table 4
shows the classification of human resources. The human resources
in Group 4 can execute the activity “X-ray” in common. However,
Resources11,12,and13canadditionallyperformtheactivity“MRI.”
Therefore,Resources 11, 12, and13 are considered to be in a different
group fromResources 8, 9, and10when the allocationof personnel to
the activity “MRI” is considered. The execution time of the activity
corresponding to each resource depends on the proficiency level
of each resource, which is set assuming that it follows a Gaussian
distribution. In the experiments, human resources are assigned to the
generated event streams using the proposed method. The proposed
method allocates human resources in such a way that the variation of
workload is minimized in each of the eight human resource groups.
The human resource allocation is performed in parallelwith the event
streamrunning in the simulation, and thehuman resource responsible
for a task in the simulation is determined. Each unit of time that
elapses in the simulation, a task is executed by the determined human
resource, and the human resource allocation is performed again. This
process is repeated until all process instances have been executed.
The program used in the experiments is based on the one published
on GitHub by Park and Song [6].

The simulation conditions in this study were designed based
on prior research [6], following similar assumptions used in previ-
ous studies.While we acknowledge that real-world validationwould
provide stronger empirical support, obtaining actual hospital event
logs is challenging due to privacy concerns and data availability con-
straints. Moreover, even if such data were accessible, implementing
the proposed method for real-world workforce allocation in hos-
pitals presents additional challenges due to operational constraints
and the complexity of human resource management in healthcare
settings. Although simulation-based approaches have limitations,
they are often used in healthcare workflow research as a practical
alternative when direct implementation is not feasible.

6.2. Experiments in workload leveling

The experiments in this section compare the total workload and
total work completion time of each resource at the time all work
is completed with the existing method [6]. By doing so, we verify

Table 4
Human resource groups and activities for which they are

responsible

Group Resources Activity
Group1 Resources 1,2 Registration
Group2 Resources 3,4,5 Triage and Assessment
Group3 Resources 6,7 Intravenous
Group4-a Resources 8,9,10 X-ray
Group4-b Resources 11,12,13 X-ray, MRI
Group5 Resources 14,15,16 Evaluation, Diagnosis
Group6 Resources 17,18,19 Blood Test, Urine Test
Group7 Resources 20,21,22 Admission
Group8 Resources 23,24,25 Discharge

whether the human resource allocation generated by the proposed
method can achieve workload leveling.

6.2.1. Results
The total workload for each human resource when all instances

of human resource allocation have been completed using the exist-
ing method [6] is shown in Figure 6. Three out of 8 groups of
25 human resources are shown, with each group color-coded. In
the experiment, the workload was concentrated on the best human
resources (Resources 6, 14, and 23 in Figure 6) with the short-
est activity work time in all eight human resource groups. On the
other hand, the final workload was smaller for the beginner human
resources. In some groups, there were human resources that were
never assigned a task, resulting in a total workload of zero. Sim-
ilarly, Figure 7 shows the total workload of each human resource
when all instances have been executed using the proposed method
for human resource allocation. The results for the same three groups
as in Figure 6 are shown in different colors. In all groups, the vari-
ation in work time among human resources is smaller than in the
existing method. In the existing method, the workload was concen-
trated on the most talented person in the group, but in the proposed
method, the workload is evenly distributed to each human resource.
In addition, the human resource who has never been assigned a task
in the existing method is given the same workload as other human
resources in the same group.

Table 5 compares the resource allocation results between the
existing method and the proposed method. The workload variation
decreased from 60.250 to 1.625 (97% reduction), the average work-
load of the best human resource decreased from 70.875 to 44.875
(37% reduction), the averageworkload of beginner human resources
increased from 10.625 to 44.50 (319% increase), the weighted com-
pletion time increased from 4769 to 6165 (29% increase), and the
total work time increased from 805 to 1073 (33% increase).

6.2.2. Discussion
A comparison of the experimental results between the exist-

ing and proposed methods is shown in Table 5. The variation of
total workload is calculated by averaging the variation of work-
load among human resources in each group, based on the definition
introduced in Section 4.2. The proposed method reduces the varia-
tion of the total workload by 97% compared to the existing method.
Experiments showed that the proposed method can achieve work-
load leveling by eliminating the workload imbalance that has been
a problem with the existing method. In the experiment, the pro-
posed method achieves perfect leveling in which the work time of
all resources is equal in all four groups, including the group to which
Resources 23, 24, and 25 belong, as shown in Figure 7. In prac-
tice, whether perfect leveling is achieved depends on the number of
times the task is performed and the size of the difference in profi-
ciency between the human resources. For example, if a group that
has achieved perfect leveling is given a new task, perfect leveling
is no longer achieved when that task is executed. In other words,
nonzero workload variation among human resources within a group
is an acceptable event in the method.

The average workload of the best human resource in each
group with the shortest activity work time was reduced by 37%
by the proposed method. This result indicates that the overload
situation caused by the concentration of tasks on a particular
human resource can be avoided by using the proposed method
for human resource allocation. Since human resources’ work effi-
ciency decreases when they become overloaded, reducing the risk
of overloading is considered to maintain the work efficiency of
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Figure 6
Total workload of resources in existing method

Figure 7
Total workload of resources in the proposed method
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Table 5
Comparison of resource allocation between existing method and proposed method

Existing method Proposed method Change
Variation of total workload 60.250 1.625 –97%
Average workload of best human resource 70.875 44.875 –37%
Average workload of beginner human resource 10.625 44.50 +319%
Weighted completion time 4769 6165 +29%
Total work time 805 1073 +33%

human resources from a long-term perspective. Avoiding situations
in which human resources become overloaded is also considered
to prevent the loss of human resources due to leave of absence
or retirement caused by overwork. In existing methods, workload
is concentrated on excellent human resources whose time required
per task execution is short. The loss of excellent human resources
not only greatly affects the execution of business processes but
also results in significant losses for the organization. The proposed
method, which can prevent the loss of excellent human resources
by improving the execution environment of business processes, is
considered to be useful for organizations.

The average workload of the beginner human resource with the
longest activity work time in each group increased by 319% with
the proposed method. This result shows that the proposed method
increases the learning opportunities for beginner human resources
compared to the existing methods by providing them with the same
workload as other human resources. It is important to ensure that
beginner human resources have the opportunity to become profi-
cient under the assumption that human resources improve their work
efficiency when they perform tasks and become proficient, such
as in on-the-job training. Beginner human resources correspond to
new employees or human resources with limited task experience
in the organization that executes the business process. If beginner
human resources are not allowed to experience tasks as in the case
of existing methods, they will not be able to learn, and experienced,
superior human resources will be in charge of many tasks. When
this type of human resource allocation is repeated, the gap in pro-
ficiency between beginner human resources and superior human
resources will continue to widen. In such a situation, if an excel-
lent human resource is lost due to retirement or other reasons, it
becomes difficult to execute a task efficiently because there is no
human resource who can execute the task with sufficient experi-
ence. The proposed method of assigning tasks to beginner human
resources so that the workload is equalized within the group will
ensure that beginner human resources have opportunities to become
proficient and will meet the need for skill development of human
resources in an organization.

The weighted completion time is the sum of the time required
to execute all instances, calculated by considering the importance
of each instance. Compared to the existing method, in which human
resources are allocated to minimize the weighted completion time,
the proposed method increases the weighted completion time by
29%. The total work time, which is the sum of the work time of
all activities performed by each resource, increased by 33%. These
results indicate that the proposed method decreases the current work
efficiency due to workload leveling. The proposed method also
assigns tasks to beginner human resources in order to achieve work-
load leveling. Therefore, when a task is executed the same number
of times, the total time required to execute these tasks is longer than
that of existing methods.

6.3. Experiments in multi-objective optimization

In the experiments in this section, we generate human resource
assignments using a multi-objective optimization method that com-
bines existing methods [6] and our proposed method and verify
the relationship between the weighted total work completion time
and the variation of the total workload. This confirms that the
multi-objective optimization method is a useful option as a human
resource allocationmethod. In the experiment, the importance levels
of the existing and proposed multi-objective optimization methods
varied. If the importance of the existing method is 𝜆 and that of the
proposed method is 1-𝜆, the total importance is 1 (100%). Five sets
of multi-objective optimization (𝜆 = 80%, 60%, 50%, 40%, 20%)
are provided, as well as two sets of single-objective optimization
experiments with the existing method (𝜆 = 100%) and the proposed
method (𝜆 = 0%).
6.3.1. Results

Figure 8 presents the experimental results comparing the exist-
ing and proposed methods. The orange dots indicate the weighted
totalworkcompletion time (left vertical axis),while thebluedots rep-
resent the workload variation among human resources (right vertical
axis). The horizontal axis reflects the trade-off between completion
time and workload balance. The leftmost side (time: 100%, balance:
0%) represents the existing method, which focuses on minimizing
completion time, resulting in high workload imbalance. The right-
most side (time: 0%, balance: 100%) corresponds to the proposed
method, which prioritizes workload balance at the cost of increased
completion time.The results show that as the importanceofworkload
balance increases, the workload variation decreases significantly,
while the completion time increases moderately, demonstrating the
trade-off inherent in the optimization strategy.

6.3.2. Discussion
From left to right, the weighted total work completion time

increases, while the variability of the total workload among human
resources decreases. This result indicates that there is a trade-off
between the weighted total work completion time and the variability
of the total workload among human resources. That is, the variabil-
ity of both cannot be minimized simultaneously. An organization
can choose any combination of these alternatives when allocating
human resources. How to choose depends on various factors such
as the organization and business process. For example, if an orga-
nization wants to minimize the variation of total workload among
human resources under the constraint that the weighted total work
completion time must be less than 6000 in terms of delivery and
operation time, it can choose the third human resource allocation
method from the left (time: 60%, balance: 40%) in Figure 8. In this
way, the multi-objective optimization method can provide a choice
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Figure 8
Trade-offs with multi-objective optimization methods

of useful human resource allocation methods that can be selected
arbitrarily according to various situations in an organization.

7. Conclusion

It is important to consider the human resources that actually
perform the tasks in a business process. Allocating human resources
to appropriate tasks can improve work efficiency and reduce risk.
In this study, based on the analysis results of predictive process
monitoring, we proposed a method for allocating human resources
that considers the leveling of the workload of each resource. We
generated a forecasting model using predictive process monitor-
ing and LSTM neural networks and minimized the variation of
workload among human resources using the obtained forecasts,
thereby providing a human resource allocation method based on
workload leveling in business processes where future tasks are
unknown. This method not only reduces the risk of overloading
human resources but also facilitates the learning of human resources
who lack experience working on a task. Compared to the exist-
ing method, the proposed method is expected to support business
process improvement from a longer-term perspective.

Beyond business process efficiency, workload leveling has
important social and organizational implications. Prior studies have
shown that improving work–life balance positively impacts job
satisfaction and employee retention. For example, Silaban et al.
demonstrated that work–life balance contributes to higher job sat-
isfaction and employee retention in Indonesia [8], while Herawaty
et al. [9] found similar positive effects in the banking sector. Their
findings suggest that enhancingwork–life balance throughworkload
leveling may lead to improved job satisfaction and employee reten-
tion. By reducing the burden on individual workers and promoting a

more sustainable work environment, our approach has the potential
to contribute not only to operational efficiency but also to long-term
human resource stability.

Although real-world validation remains a challenge, our
approach has potential applications as a decision-support tool in hos-
pital workflow management. By integrating our workload leveling
model into hospital simulation tools, healthcare administrators can
test different resource allocation strategies in a controlled environ-
ment before implementing them in practice. This enables hospitals
to explore workload balancing strategies without requiring direct
access to sensitive patient data.

One of the challenges in this study is verifying the impact of
workload leveling on business process improvement. The experi-
ments conducted in this study did not account for the effects on
completion time resulting from decreased work efficiency due to
overload or increased efficiency driven by motivation and profi-
ciency. Simulations incorporating the impact of workload leveling
could provide insights into its potential for long-term business
process improvement. The other challenge is to use explainable
machine learning to provide resource-focused explanations. In
recent years, the explanatory nature of predictive process moni-
toring has been required [33–35]. High explanatory power makes
resource allocation more convincing. Furthermore, there remain
challenges when applying this method in dynamic and unpredictable
environments. In real business processes, unexpected tasks and sud-
den changes in resource availability may occur. To address such
situations, it is necessary to build a mechanism that dynamically
updates the predictive model and reallocates resources in real time.
In the future, introducing online learning techniques that can adapt
to environmental changes should be considered to develop a more
practical and flexible human resource allocation method.
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