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Abstract

Organizations carry out a variety of business processes in order to serve their
clients. Usually supported by information technology and systems, process
execution data is logged in an event log. Process mining uses this event
log to discover the process’ control-flow, its performance, information about
the resources, etc. A common assumption is that the cases are executed
independently of each other. However, batch work — the collective execution
of cases for specific activities — is a common phenomenon in operational
processes to save costs or time. FExisting research has mainly focused on
discovering individual batch tasks. However, beyond this narrow setting,
batch processing may consist of the execution of several linked tasks. In this
work, we present a novel algorithm which can also detect parallel, sequential
and concurrent batching over several connected tasks, i.e., subprocesses. The
proposed algorithm is evaluated on synthetic logs generated by a business
process simulator, as well as on a real-world log obtained from a hospital’s
digital whiteboard system. The evaluation shows that batch processing at
the subprocess level can be reliably detected.
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1. Introduction

In providing products or services to customers or clients, organizations
carry out a variety of business processes. A business process consists of a set
of activities which are executed in an organizational and technical environ-
ment to reach a certain business goal [1]. The enactment of business processes
is usually supported by a so-called process-aware information system (PAIS)
(e.g. an Enterprise Resource Planning System or a Hospital Information Sys-
tem), where process execution data is registered in an event log [2]. Process
mining as a research discipline deploys this type of data to provide insights
into the nature of a business process to, e.g., discover a process model.

A common assumption in process mining is that cases, also called pro-
cess instances, are executed independently from each other. However, batch
processing is commonly applied to reduce cost or save time by collectively
handling several process instances in a group at specific activities in a busi-
ness process [3]. Especially in operations research, batching of products or
customers is well discussed [4, 5]: in an effort to reduce the set-up or exe-
cution cost of physical resources, specific types of products are scheduled in
batches on a machine, or customers at a service desk are combined in batches
before starting a service. Also, process participants, who get assigned tasks
for execution and can organize their work on their own, tend to handle their
work in batches [6]. For instance, usually a set of invoices is collected first
before they are checked instead of approving each one individually.

Although event logs are a valuable information source to identify batch
behavior, the detection of so-called batch activities in event logs was discussed
by only few works, such as [6,[7, 8, 9]. It enables companies to identify existing
batching behavior and identify opportunities to integrate batch processing
in a more structured way. Batch processing can occur as parallel batching
(also referred to as simultaneous batching) where several items are processed
simultaneously (e.g., blood tubes being tested by a laboratory machine), or
sequential batching where the cases are still processed individually but, by
batching a set, setup time/cost can be reduced (e.g., processing a set of in-
voices one after the other). Martin et al. [6] additionally consider concurrent
batch work, which can be observed when a resource starts working on a task
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Figure 1: Input and result of the novel BAMA algorithm.

and, while executing it, also starts another task instance in parallel. So far,
the focus of literature on batch mining in the process mining field was situ-
ated on discovering single batch tasks only, providing only a limited view on
batch work. Pufahl and Weske [3] observed that batch processing operations
can span not only over one task, but also over several connected ones.

In this paper, we present the novel Batch Activity Mining Algorithm
(BAMA) which expands existing research by detecting different types of
batch activities. It extends the algorithm proposed in Martin et al. [0],
where batching behavior is identified at the level of individual tasks, to the
more general notion of a batch activity. In BAMA, a batch activity can be
either non-decomposable (i.e. a task) or can have internal behavior (i.e. a
subprocess), and for both of them parallel, sequential, or concurrent behavior
could be detected.

Thereby, we also consider that different types of batch behavior can be
applied during a subprocess. In case of subprocesses, sequential batching can
occur in two versions [10]:

e with a task-based orientation (i.e., cases are executed for each task in
a subprocess in a sequential fashion) or,

e with a case-based orientation (i.e., first a case needs to finish all tasks
of a subprocess before the next case of a batch can be started).

A similar distinction is made for concurrent batching. Human resources can
apply these types of batch behavior for a set of cases to ease their work.
Each staff member might apply his/her own strategy for specific tasks. The
concrete batch execution of activities is often recorded in a PAIS, showing
the potential of the proposed batch mining algorithm.

As shown in Figure[lI] the novel BAMA takes as input — as other process
mining techniques — an event log deduced from a PAIS. Each row represents

3
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an event expressing, for instance, the start or completion of a task. BAMA
transforms the event log into a task log, where one row contains all times-
tamps for one task execution. The task log is used for batch mining purposes.
The output of BAMA is a batch-enriched task log, a task log to which batch-
ing information is added. For each task executed for a specific case, i.e. for
each task instance, it highlights whether it belongs to a batch by providing
the batch ID and the type of batch behavior. The algorithm provides this at
a task level (i.e., task-resource) and at a subprocess level. By its ability to
detect both batch tasks and batch subprocesses, BAMA provides organiza-
tions with rich data-driven insights in batching behavior. This can be used
for advanced analytics, e.g., the occurrences of different batching behavior
for specific tasks can be analyzed. In this paper, the algorithm is formally
described, based on which a prototypical implementation is developed. Be-
sides an evaluation of the algorithm’s effectiveness using synthetic data, this
work also uses real-life data to illustrate how the algorithm’s output can help
practitioners to learn more about batching in their business process.

The remainder of this paper is structured as follows. Section [2| presents
the related work. After providing the preliminaries on batch processing in
Section [3, BAMA is introduced in Section [4 In Section [5] the algorithm’s
effectiveness is evaluated using artificial logs. Moreover, it is applied to a
real-world event log obtained from a hospital’s digital whiteboard system.
The paper ends with a discussion in Section [f] and a conclusion in Section [7]

2. Related Work

Batch processing has been studied in various research fields. This section
provides an overview of prior work related to (i) batch processing in oper-
ations management /research, (ii) batch activity modeling, and (iii) batch
mining.

Batch processing in operations management/research. Batch processing is a
highly relevant topic in operations management /research to save costs or
time by processing or transporting identical jobs in batches, or by utilizing
the same machine/tool set-up [11]. In the following, we do not aim to provide
an exhaustive literature study, but highlight some of the research topics.
The order batching problem, which focuses on grouping orders in batches,
is heavily studied in the warehousing context [12], [13], 14} [15]. To this end,
optimization techniques such as integer programming [14] [I5] or tabu search
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[13] are used. Research on this topic is also conducted in other sectors such
as the transportation [16] (17, [18] and the steel sector [19].

The scheduling of jobs in batches is also intensively studied as shown
in review papers, such as [20, 21I]. Typically, two types of batching are
distinguished: serial batching (i.e. similar jobs are scheduled together to save
setup costs, but they are still executed in sequence) and parallel batching (i.e.
batches of jobs which can be executed at the same time).

Furthermore, operations research offers methods to study the queue of a
batch service (i.e., a service which can handle a group of customers or jobs
in parallel, such as a rollercoaster) to determine, for instance, the expected
waiting time or the expected service time [5]. Thereby, different optimization
policies are proposed. Consider, for instance, the threshold rule, which states
that a batch is started when the length of the queue is equal or greater
than a given threshold and the server is free [22]. Several studies (e.g.,
[23]) investigate how to determine the optimal threshold, and the resulting
expected waiting time under varying assumptions.

Batch activity modeling. In the business process management field, several
approaches were recently developed to capture and specify batch work in
business process models [10, 24] 25]: Pufahl et al. [10] 26] suggest the batch
activity as a new type of activity with a set of configuration parameters to set
up batch processing for specific activities at design time. The configuration
includes an activation rule, a maximum capacity, and the type of processing
- parallel vs. sequential. The batch activity can be either a simple task or
an activity with internal behavior (i.e. a subprocess). The performance
evaluation of such batch activities is studied in [27]. Natschlidger et al. [24]
propose a so-called compound activity for which the optimization goal and
the constraints need to be defined to enable batching. Pflug and Rinderle-Ma
[25] focus on sequential batching and provide an algorithm to rearrange cases
into similar batches which can be processed faster by resources as a way to
organize work for activities with long queues.

Batch mining. To have more insights in unknown batching behavior in busi-
ness processes, process mining techniques were developed [0 [7, 8, O] 28§].
These techniques use event logs and try to detect tasks for which resources
perform their work in batches. Whereas Wen et al. [7] assume that process
execution data is recorded at the level of a batch, Liu et al. [9], Nakatumba
[8] and Martin et al. [6] use the common event log format in which events
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are recorded at the level of individual cases. Liu et al. [9] use an event log
to mine association rules for a staff member to recommend work items for
batching, which have been executed collectively in the past. Nakatumba [§]
and Martin et al. [6] propose algorithms to retrieve batching behavior from
an event log. Nakatumba [8] discovers a batch when a time gap of more than
one hour is present between groups of activity instances. This work was
extended by Martin et al. [6] by providing an algorithm to detect different
types of batch work from a log, and providing performance indicators, such
as the size of a batch, waiting time and duration of instances in a batch.

Martin et al. [6] not only differentiate between parallel and sequential
batch processing, but also consider concurrent batching as it occurs in prac-
tice that resources work on different instances in a partially overlapping time-
frame, which could be considered as unstructured batch behavior. To distin-
guish between sequential batching and regular queue handling, Martin et al.
[6] assume that all cases need to be present in the queue before the resource
starts processing a batch. When the arrival of a case at a task is recorded,
as is the case in a Q-log in the queue mining field [29], this information can
be immediately retrieved from the data.

Different from prior works, Weber et al. [30] provide a pre-processing step
to an existing process discovery algorithm to identify subprocesses in which
multiple instances are initiated in parallel, but executed independently. The
latter holds, for instance, when several reviews are initiated and handled for
one paper submission. Traditionally, these types of subprocesses are called
multi-instance activities [31]. Multi-instance activities allow for running sev-
eral instances of the same activity to handle several sub-items of one process
instance. These instances might be executed independently of each other
and not necessary by the same resource.

Besides batch mining and multi-instance initiation, other works, such
as [32],33], consider a broader spectrum of relations between instances, which
were also called instance-spanning constraints [34]. Whereas Senderovich
et al. [32] use inter-case dependencies to improve the quality of process pre-
dictions with a special focus on case priorities, Winter et al. [33] provide a
technique to detect different kinds of instance-spanning constraints from a
given event log to analyze a process regarding compliance issues. As the fo-
cus is on compliance analysis, different batching behaviors are not analyzed
in depth, which is the goal of our work.

So far, the focus of batch mining algorithms was only on detecting single
batch tasks [6, [7, 8, 9] or batching logic at the level of a single task [28§].
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Figure 2: BPMN process diagram of running example 1 - a simplified laboratory process.
Using the terminology that will be introduced in Section[3.2} the following batch processing
types are included: BA 1 - sequential task-based batching, BA 2 - parallel batching, BA 3 -
sequential case-based batching.

However, batching is often also done over several linked activities, i.e. in
subprocesses, which can also have complex behavior, such as parallel activ-
ities. Given this research gap, this paper presents an algorithm which can
detect batch behavior at both the task and subprocess level.

3. Preliminaries

The algorithm presented in this paper automatically detects batch activi-
ties from an event log. Before proceeding to the outline of the algorithm, this
section outlines some preliminary concepts: Section [3.1]introduces the notion
of a batch activity, Section presents an overview of the batch processing
types, and Section [3.3| provides an introduction to event logs.

3.1. Batch activity

Batch processing is an organization of work in which a resource bundles
cases such that they can be processed as a group [3, 6]. A batch activity is
a task or a subprocess in which batching behavior is present. We define a
batch subprocess as a set of connected tasks for which cases are processed in
batches and all cases stay in the same batch for all subprocess tasks.

To illustrate the notion of a batch activity, two running examples are
introduced. The process models, annotated with the resource responsible to
perform a task, are visualized as BPMN process diagrams in Figures [2| and

Bl
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Figure 3: BPMN process diagram of running example 2 - a simplified patient admission
process. Using the terminology that will be introduced in Section the following batch
processing types are included: BA 4 - concurrent task-based batching, BA 5 - concurrent
case-based batching, BA 6 - parallel batching.

3.1.1. Running example 1: A laboratory process

The first running example relates to the simplified process that a blood
sample follows at a hospital laboratory (Figure . When a blood sample is
received by the secretary, it is registered and prepared for the analysis by a
lab assistant. Afterwards, the actual analysis is conducted by a laboratory
device. Depending on whether or not warnings are raised during the analysis,
a lab technician studies either the detailed results or the summary results.
After studying the results, a report is prepared.

Figure [2| shows that three batch activities are present: one consisting of
a single task (BA 2) and two batch subprocesses (BA 1, BA 3). Besides
differences in the number of tasks involved, the batch activities also vary
in terms of the type of batching behavior. In the batch activity consisting
of task ‘Analyze sample’ (BA 2), multiple samples can be processed by the
laboratory device simultaneously. In contrast, in BA 1, the lab assistant
waits until a number of samples is waiting to be processed as this saves setup
time. Once several samples are available, the lab assistant registers them one
after the other, after which the same group of samples are prepared one at
the time. In last batch activity, BA 3, the lab technician will also handle
samples in groups. She studies the (detailed or summarized) results and
prepares a report for a particular sample and then immediately proceeds to
the next sample.

3.1.2. Running example 2: A patient admission process

The second running example focuses on a simplified patient admission
process at a hospital unit (Figure [3)). When a patient arrives, a registra-
tion form needs to be completed, after which the admission documents are
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created. Afterwards, a drug allergy form is completed and a blood test is
performed, followed by the collection of all documents in the patient’s file.
When a number of blood samples have been collected, the samples are pre-
processed using a specialized device and sent to the laboratory for further
examination.

As shown in Figure 3| three batch subprocesses (BA 4, BA 5, BA 6) are
present. BA 4 contains tasks ‘Complete registration form’ and ‘Create ad-
mission documents’. While a particular patient is filling out the registration
form, the secretary can already start registering another patient. Afterwards,
while the admission files are being printed, the secretary can already compile
the required documents for the next patient. The next batch subprocess, BA
5, consists of tasks ‘Complete drug allergy form’ and ‘Perform blood test’.
While the patient is filling out a drug allergy form, the nurse already starts
performing the blood test for this patient. Only after several blood samples
are available, BA 6 is executed. This involves preprocessing multiple blood
samples simultaneously, after which all samples are sent to the laboratory at
once for additional analyses.

From these running examples, it follows that several types of batching
behavior can be distinguished, which will be introduced in the next subsec-
tion.

3.2. Batch processing types

BAMA will distinguish five types of batch processing. These differ ac-
cording to two dimensions: (i) the time relationship between batched cases,
and (ii) the task- or case-based orientation of a batch. With respect to the
time relationship between the execution of tasks on batched cases, a distinc-
tion is made between parallel, sequential and concurrent batching. This is
consistent with Martin et al. [6], where batching behavior is considered at
the level of individual tasks. However, as our algorithm is more generic and
also considers batch detection at the level of a subprocess, an additional dis-
tinction is made between task-based batching and case-based batching [10].
While work is organized around tasks in the former (i.e. the same task is
executed for a group of cases before switching to another task), the latter
centers around cases (i.e. several tasks are performed for a particular case
before switching to another case). When both dimensions are taken into
account, five types of batching behavior can be distinguished. Figure {4 il-
lustrates these batch processing types considering three tasks (A, B, C) and
three batched cases (cl, c2, ¢3).
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e Parallel batching. In parallel batching, a set of cases is processed

at exactly the same time for one or multiple consecutive tasks. For
each task, all cases are processed by the same resource. In Figure [4] a
resource first performs task A on cases 1, 2 and 3 simultaneously, and
does the same for tasks B and C. The task ‘Analyze sample’ in Figure
(BA 2) also processes several cases in parallel. In Figure , BA 6 is an
example of two connected activities where parallel batching prevails.

Sequential task-based batching. In sequential batching, a resource
handles a group of cases (almost) immediately after each other to save
set-up time/costs (e.g., the time required to get familiar with a type
of task). In an effort to differentiate sequential batching from regular
queue handling, a set of cases can only form a sequential batch when
all of them are available for the resource before it starts processing
the batch. In sequential task-based batching, a task will be performed
on a set of cases sequentially, after which other tasks will sequentially
be performed to that same set of cases. As with parallel batching, all
cases are processed by the same resource for a particular task. Figure
shows that task A is performed on the three cases sequentially, which
is immediately followed by task B and, finally, task C. Batch activity
BA 1 in Figure [2|is an example of sequential task-based batching.
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e Sequential case-based batching. In sequential case-based batching,
a resource will perform a series of tasks sequentially for a particular
case, and will (almost) immediately perform this same task sequence
for other cases. In Figure [4 it is illustrated that tasks A, B and C are
first performed for case 1 first, followed by case 2 and case 3. Batch
activity BA 3 in Figure [2] exemplifies sequential case-based batching
behavior.

e Concurrent task-based batching. When concurrent batching pre-
vails, there is a partial overlap in time between the execution of tasks
on a case. This implies that a resource can start executing a new task
on a case before the current task is finished, or that a new case can
be started while the current one has not fully been processed. In con-
current task-based batching, a task is performed for all batched cases,
followed by the other tasks, with the characterizing partial time over-
laps being present. For each task, all cases are processed by the same
resource. Concurrent task-based batching is illustrated in Figure [4]
where work is organized around tasks A, B and C. In Figure |3 BA
4 provides an example of concurrent task-based batching: while the
patient is filling out the registration form, the secretary can already
start the registration of another patient. Similarly, while the admission
documents for one patient are being printed, the secretary can already
start creating the admission documents for another patient.

e Concurrent case-based batching. When concurrent case-based
batching prevails, the batch is organized around cases, implying that
the tasks in the batch activity are performed on a particular case be-
fore proceeding to the next case. As shown in Figure [, the partial
overlap in time between task instances is present both within a case
and between cases. Concurrent case-based batching is also illustrated
by BA 5 in Figure |3 because a nurse can start performing a blood test
for a patient while this patient is completing a drug allergy form.

Four remarks need to be made with respect to the batch processing types
outlined above. Firstly, no task-based and case-based variant of parallel
batching is specified. Parallel batching implies that a resource can perform
a specific task on a set of cases simultaneously. From this, it follows that
it is, by definition, task-oriented. When parallel batching would imply that

11



307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

one resource performs several tasks during exactly the same timeframe, these
tasks would, in fact, constitute a single task.

Secondly, the requirements regarding resource involvement differ depend-
ing on the batch processing type under consideration. For parallel batching
and sequential /concurrent task-based batching, all instances of a particular
task have to be executed by the same resource. The requirements are more
strict for sequential/concurrent case-based batching as all batched task in-
stances need to be executed by the same resource. For all batch processing
types, it holds the resource cannot be linked to instances which are not part
of a batch while the resource is processing that batch.

Thirdly, for case-based batching, the time relation between task instances
associated to a particular case is dominant to distinguish between sequential
and concurrent case-based batching. Consider, for example that a concurrent
relationship holds for task instances for a particular case, but the cases in the
batch are handled sequentially. Under these circumstances, the batch will be
considered as a concurrent case-based batch.

Finally, in batch subprocesses, the parallel, sequential or concurrent rela-
tionship between batched instances might differ across tasks (for task-based
batching) or across cases (for case-based batching). For instance, a task of
a task-based batch subprocess can be executed in parallel and another task
in a sequential way. Similarly, the task instances included in a case-based
batch subprocess might be executed sequentially for one case and concur-
rently for another case. In such situations, the detected batch subprocess
will be labeled as a hybrid task-based or case-based batch subprocess. Hy-
brid batching is not included as an autonomous batch processing type as
it merely consists of a combination of different types of batching behavior
within a batch subprocess.

3.3. Fvent log

An event log is the data source that BAMA will use. It contains process
execution information originating from a PAIS [2]. An event log is composed
of a series of events reflecting, e.g., the start or completion of an activity.
An excerpt of the event log from the laboratory process shown Figure [2] is
represented in Table[I] The first line indicates that lab assistant Zoe started
the task ‘Register sample’ for sample 9845 on January, 14th at 11:22:33. She
completed this task at 11:26:04, as shown in the second line.

The example provided in Table [1If outlines the minimal event log require-
ments to apply the algorithm presented in this paper. The event log should

12
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Table 1: Tllustration of event log structure (running example 1)

case id timestamp task transaction type resource

9845 14/01/2019 11:22:33  Register sample start Lab assistant Zoe
9845 14/01/2019 11:26:04  Register sample complete Lab assistant Zoe
9852 14/01/2019 11:26:04  Register sample start Lab assistant Zoe
9852 14/01/2019 11:30:21  Register sample complete Lab assistant Zoe
9845 14/01/2019 11:30:21  Prepare sample start Lab assistant Nick
9893 14/01/2019 11:36:17  Receive sample start Secretary Sarah

9845 14/01/2019 11:37:58  Prepare sample complete Lab assistant Nick
9852 14/01/2019 11:37:58  Prepare sample start Lab assistant Nick
9893 14/01/2019 11:38:12  Receive sample complete Secretary Sarah

9852 14/01/2019 11:46:11  Prepare sample complete Lab assistant Nick

be an ordered set of events related to a particular case and task. Moreover,
the timestamp, resource and transaction type needs to be recorded for each
event. Two transaction types are assumed to be registered: the start and
the completion of a task, both transitions of the XES-lifecycle extension [35].
Each start event should have a corresponding complete event with the same
resource being associated to both events.

Organizations usually have multiple resources being able to execute the
same task. Hence, resource information is needed to identify which resource
has worked on a group of of cases for this task. If resource information is
absent and multiple resources perform the same task for different cases, this
is parallel processing of cases and not batching behavior. The start and end
time of a task are relevant for identifying the types of batch behavior. With
only one timestamp for a task, parallel, sequential and concurrent behavior
are not distinguishable.

The aforementioned event log requirements will be formalized below.
Throughout the paper, we generally use upper case letters for sets and lower
case letters for elements of sets. So, if C' denotes the set of case identifiers,
we use ¢ € C for a specific case identifier. Table 2| summarizes the key
mathematical notation which will be used in the paper.

Definition 1 (Event log requirements). Let C' be a set of case identifiers.
Let L be a set of task labels. Let R be a set of resource identifiers. An event
log E contains a set of events e. FEach event e is represented as tuple of
attributes e = (¢, t,r, T, ) with:

e c € C represents the case identifier,
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369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

Table 2: Summary of mathematical notation

Symbol Description

E/e Set of events / event

Cle Set of case identifiers / case

L/l Set (element) of task labels / task

R/r Set (element) of resource identifiers / resource

R+ Set of positive real numbers
T Timestamp attribute of an event
© Transaction type

#a(e) Function returning the value of attribute a of event e
Fstart Set of events with transaction type start
Ecompiete  Set of events with transaction type complete
T Set of task instance (Task log)
Tex Set of extended task instances (Extended task log)
Tarrival Timestamp attribute of the task instance’s arrival
Tstart Timestamp attribute of the task instance’s start
Teomplete Timestamp attribute of the task instance’s completion

X Set of task labels

Ty Subset of an extended task log having task labels x
1) Set of case identifiers

Ty Subset of an extended task log having case identifiers ¢

The Set of batch-enriched task instances (Batch-enriched task log)

l € L is the task label,

e r € R represents the resource identifier,

7 € R* reflects the timestamp, and

o € {start, complete} refers to the transaction type.

We use the notation #,(e) to access the value for attribute a for event e.
Moreover, every start event should have an accompanying complete event.
In formal terms, let Egqe = {€ € E | #, = start} and Ecompiete = {€ €
E | #, = complete} be a partition of event log E. Then, there exists a
bijective function w : Egart — Ecompiete, Such that Ve € Egan @ #c(e) =

#e(w(e)) Adhie) = #i(w(e)) A #r(e) = #r(w(e)) A () < #(w(e)).

4. Batch Activity Mining Algorithm

This section outlines the Batch Activity Mining Algorithm (BAMA),
which automatically identifies batching behavior in an event log, both at
the task and the subprocess level. Section [4.1| provides a general overview
of the algorithm, after which its key steps are outlined in more detail in

Sections 4.6l The prototypical implementation is briefly discussed in
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Section [4.7] Section [4.§| provides some pointers on how the output of BAMA
can be used to gain a rich understanding in batching behavior.

4.1. General overview

BAMA aims to identify batching behavior at two distinct levels: (i) at
the level of individual tasks and (ii) at the level of subprocesses. As shown
in Figure 5| an event log is used as an input. This event log is converted to a
task log by mapping start events to their corresponding completion events.
The task log is used for batch identification purposes.

To achieve BAMA’s goals, three phases can be distinguished in the al-
gorithm. In the first phase, the task log is extended with batch formation
insights at the task-resource level, i.e. batches consisting of task instances of
a particular task executed by a particular resource. For instance: when sev-
eral blood samples are analyzed by ‘Device KN93’ simultaneously, a parallel
batch is formed at the task-resource level for task-resource combination ‘An-
alyze sample’ - ‘Device KN93’. For this phase of the algorithm, the algorithm
presented in Martin et al. [6] is used.

While the first phase of the algorithm focuses on the identification of
batching behavior at the level of individual tasks, the other two phases tar-
get the discovery of batch subprocesses. To this end, the extended task
log is split into two subsets using the batch insights at the task-resource
level: subset 1 containing candidates for a parallel or task-based sequen-
tial /concurrent batch subprocess, and subset 2 with candidates for a case-
based sequential /concurrent batch subprocess. The former is used as input
for batch subprocess discovery in the second phase of the algorithm and the
latter in the third phase.

Merging the outcomes of the second and third phase generates a batch-
enriched task log. Compared to the original task log, a batch-enriched task
log contains four additional columns providing batching information: two
columns highlighting whether the task instance is part of a batch at the
task-resource level (one column carrying a batch identifier and another one
containing the batch type), and two columns reflecting its membership of a
batch subprocess (again, a batch identifier column and batch type column are
added). These columns enable analysts to retrieve rich insights in batching
behavior starting from real-life process execution data.
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BATCH ACTIVITY MINING ALGORITHM (BAMA)

Figure 5: Overview of the Batch Activity Mining Algorithm (BAMA)

4.2. Convert to task log

The input of the algorithm is an event log, of which the minimal require-
ments were outlined in Section 3.3} As the detection of batching behavior
requires studying the time relationship between task instances, the event log
needs to be converted to a task log. In a task log, each row represents a task
instance, i.e. the execution of a particular task by a particular resource in a
particular case.

To convert the event log to a task log, each start event is mapped to
its corresponding completion event, where the latter refers to the complete
event which is linked to the same case, activity and resource. For instance:
the first and second line in Table [1| will occur as a single line in the task log.
When multiple start and complete events are recorded for a particular task-
resource-case combination, the first occurring start event will iteratively be
mapped to the first occurring unmapped completion event. For more complex
mappings, techniques such as the one described by Baier et al. [36] can be
used. The task log created from the event log excerpt in Table [1}is shown in
Table 3]

Definition 2 (Task log). Let E represent an event log and let T be a task
log. To convert E into T, a mapping function my is applied. Function m; :
E — T maps the events in E to task instances in task log T'. This is achieved
by mapping start events e; € Egqre to their corresponding complete events
w(es) € Ecomplete to combine start and completion times. Consequently, T
consists of a set of task instances t. Fach task instance t is represented as
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Table 3: Tllustration of task log structure (running example 1)

case id task resource Tstart Teomplete
9845 Register sample  Lab assistant Zoe  14/01/2019 11:22:33  14/01/2019 11:26:04
9852 Register sample  Lab assistant Zoe  14/01/2019 11:26:04 14/01/2019 11:30:21
9845 Prepare sample  Lab assistant Nick  14/01/2019 11:30:21  14/01/2019 11:37:58
9893 Receive sample Secretary Sarah 14/01/2019 11:36:17  14/01/2019 11:38:12
9852 Prepare sample  Lab assistant Nick

14/01/2019 11:37:58  14/01/2019 11:46:11

a tuple of attributes t = (¢, 1,7, Tstart, Teomplete), WheTE Tsart TEfErs to the start
time, and Teomplete 45 the completion time.

4.8. Phase 1: detect batches at the task-resource level

The algorithm’s first phase focuses on the detection of batching behavior
at the task-resource level, i.e. on identifying groups of task instances which
are processed as a batch at a particular task by a particular resource. This
task-resource level is purposefully selected as it conveys valuable insights in
the way in which a specific resource executes a task.

Besides the useful information it offers in itself, batching behavior at the
task-resource level is also a prerequisite for the presence of some types of
batch subprocesses. From the outline of the batch processing types in Sec-
tion , it follows that parallel and task-based sequential/concurrent batch
subprocesses require that batching behavior is detected at the task-resource
level. To this end, the first phase of BAMA involves detecting parallel (par),
sequential (seq) or concurrent (conc) batches at the task-resource level.

To detect batches at the task-resource level, the algorithm presented in
Martin et al. [6] is used. This algorithm will group task instances for which a
batching relationship holds by marking these instances with the same batch
number. The parallel, sequential or concurrent character of the batch is also
added.

As follows from the description of sequential batching in Section [3.2] the
arrival time of a case at a task is used to distinguish between sequential
batching and regular queue handling. Consequently, each task instance in
the task log needs to be enriched with the arrival time (i.e. the time at which
a task instance is enabled). The arrival time differs from the start time of a
task instance when queues are formed because of limited resources to perform
a particular task. In a Q-log, which is an event log containing queue-related
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Figure 6: Illustration of concurrent batching at the task-resource level

events such as queue arrival events [29], arrival times are explicitly recorded
in the event log. Hence, they can just be included when the event log is
converted to a task log and no further efforts are required. When, instead,
arrival times are unknown, they can be imputed using a suitable heuristic.
For example, the task arrival time of a case can be approximated by the end
of its preceding task. This requires insights in the process control-flow, which
can be gathered from the event log using an existing control-flow discovery
algorithm. As control-flow discovery is beyond the scope of this paper, the
reader is referred to, e.g., van der Aalst [2], De Weerdt et al. [37], and Augusto
et al. [3§] for more background on this topic.

When batches are detected at the task-resource level, these task instances
are candidates to be part of a parallel or task-based sequential/concurrent
batch subprocess (cf. phase 2 of the algorithm). Conversely, task instances
which are not batched at the task-resource level are candidates to be part
of a case-based sequential/concurrent batch subprocess (cf. phase 3 of the
algorithm). The latter follows from the observation that case-based batching
does not require batching behavior at the task-resource level, as shown at
the right side of Figure [l However, detected concurrent and sequential
batches at the task-resource level are also included as candidates for case-
based batch subprocesses. To illustrate why this is the case, consider the
illustrations of a concurrent case-based batch subprocess in Figure [0 and
Figure [7] (where all instances are performed by the same resource). Due to
the strong time overlap between the instances, the two instances of task A
form a concurrent batch at the task-resource level in Figure [fland a sequential
batch in Figure [/} A similar remark holds for the two instances of task B.
These simple illustrations show why concurrent and sequential batches at
the task-resource level are also candidates to be part of a case-based batch
subprocess.

From what said, it follows that the first phase of the algorithm involves
extending the task log with three columns: the task arrival time, a task-
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Figure 7: Illustration of sequential batching at the task-resource level

resource batch identifier and a task-resource batch type. When extending
the task log in Table [3] the log in Table [4] is obtained. Table [] shows that
two sequential batches are detected at the task-resource level: batch 138
containing two instances of task ‘Register sample’ and batch 374 consisting
of two instances of the task ‘Prepare sample’.

Definition 3 (Extended task log). Let T represent a task log and let T, be
an extended task log. To convert T into T,,, two functions ms and ms are
sequentially applied:

e my : T — T’ adds the arrival time Toypivar for each task instance. In
case the arrival times are recorded in the event log, mo can be merged
with my in Definition [3

o my: 1" — T, assigns a task-resource batch identifier by, ;4 and a task-
resource batch type by, to all task instances t € T with by, € N and
bt € {par, seq, conc}. The values of by.;q and by, are shared among
the task instances t which are part of the same batch at the task-resource

level [

After the application of mo and ms, the extended task log T, consists of a
set of batched task instances t,. FEach batched task instance is represented as
a tuple Of attributes tb = (C, l; Ty Tarrivals Tstarty Tcomplete, btr,id7 btr,t)-

4.4. Phase 2: detect parallel and task-based sequential/concurrent batch sub-
processes
Using the task instances which are batched at the task-resource level as an
input (cf. subset 1 in Figure , the second phase involves detecting parallel
and task-based sequential/concurrent batch subprocesses.

!The application of function ms involves the use of the method defined by Martin et
al. [6] to identify batches at the task-resource level.
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Table 4: Illustration of extended task log structure (running example 1)

task-resource batch id
task-resource batch type

task
resource
Tarrival
Tstart
Tcomplete

9845 Register Lab assistant 14/01/2019  14/01/2019 14/01/2019 138  seq

sample Zoe 10:17:38 11:22:33 11:26:04

9852 Register Lab assistant 14/01/2019  14/01/2019 14/01/2019 138  seq
sample Zoe 10:32:44 11:26:04 11:30:21

9845 Prepare Lab assistant 14/01/2019 14/01/2019 14/01/2019 374  seq
sample Nick 11:26:04 11:30:21 11:37:58

9893 Receive  Secretary 14/01/2019 14/01/2019 14/01/2019 - -
sample Sarah 11:30:21 11:36:17 11:38:12

9852 Prepare Lab assistant 14/01/2019 14/01/2019 14/01/2019 374  seq

sample Nick 11:14:17 11:37:58 11:46:11

To identify these subprocesses, two conditions need to be verified. Firstly,
it is checked whether there are different batches at the task-resource level
having exactly the same composition in terms of cases. For instance, in
Table [4] the detected batches for ‘Register sample’ - ‘Lab assistant Zoe’ and
‘Prepare sample’ - ‘Lab assistant Nick’ contain the same cases 9845 and
9852. Secondly, when such batches are present, it is verified whether, for
each case, these tasks immediately follow each other (i.e. that no other tasks
have been executed in between). When both conditions are fulfilled, a batch
subprocess has been detected. All task instances included in the subprocess
will be marked with the same batch subprocess identifier.

To determine whether the detected batch subprocess is a parallel or task-
based sequential /concurrent batch subprocess, the batch types at the task-
resource level are taken into consideration. When all tasks included in a
batch subprocess are executed as a parallel batch, the batch subprocess type
will be parallel. Similarly, when all included tasks are executed as a sequen-
tial or concurrent batch, the batch subprocess type will be sequential and
concurrent, respectively. In case a combination of batch types is present
at the task-resource level, e.g. one task is executed in parallel and another
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one sequential, the batch subprocess will be referred to as a hybrid batch
subprocess.

With respect to sequential batching at the task-resource level, Martin
et al. [6] allow for a time gap between the end of a particular task instance
and the start of the next one. A non-zero time gap can accommodate, e.g.,
for some set-up time required between cases in practical applications [6]. In
the detection of sequential task-based subprocesses, a similar time gap can
be defined. The time gap expresses the maximal tolerable time period that
can elapse between the end of the last task instance of a particular task in
the subprocess and the start of the first instance at the next task. Note that
the requirement that no other tasks can be executed in this time period still
holds. An appropriate value for the time gap is context-specific and, hence,
requires domain knowledge. The event log can support domain experts by
providing insights in the time gaps prevailing in reality.

We now formally define the different batch subprocess types. First, re-
quirements common for all task-based batch subprocess types are identi-
fied. Then, we define parallel batching and sequential /concurrent task-based
batching. To clarify the definitions, an illustration for each task-based batch-
ing type is provided, based on the running examples introduced earlier. For
each batching type, both its footprint in the batch-enriched task log and a
visualization is included.

Definition 4 (Base task-based batch conditions). Let x C L represent a set
of task labels. The base batch conditions common to all task-based batch types
that a set of task instances T), C Te, needs to fulfill are:

L. all task instances refer to task labels in x, i.e., Vier, #:(t) € X;

2. the same numbeif] and at least two instances for each task label are
recorded, 1.e.:

Vi bex({t € Ty [ #41(1) = Wi} = [{t € Ty [ #4(1) = 12} = 2);

3. given1 < k < n—1 and the sequence of task instances (ty,... tg, ..., 1,) €
Ty with .. (tk) < Fryr (ter1) and ty # ti all task instances with

2Note that we simplify the definition by restricting subprocesses to not repeat individual
tasks. However, this limitation can be lifted by a suitable renaming of the task labels such
that each repetition is uniquely labeled.
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the same task label are started before proceeding to task instances with
another task label:

#i1(te) # #1(ter1) = Vencin(F(t)) # #i(te))

4. the same set of cases is involved in the batch, i.e.:

Vinbex({c € C | eTy : #.(t) =cAN#(t) =1}
={ceC|3teT:#(t) =cN#(t) =1});

565 5. the same resource executes tasks with the same task label in the full
566 batch, i.e.,

vta7tb€TX (#l(ta) = #l(tb) - #r(ta) = #r(tb))

ssv  Definition 5 (Parallel batch). Let x C L represent a set of task labels. A
ses  parallel batch is composed of a set of task instances T\, C T., fulfilling the
se0  base task-based batch conditions (cf. Deﬁm’tz’on and for all task instances
s0 tq,ty € T\ the following additional conditions hold:

1. tasks with the same label are performed in parallel:

#l(ta) :#l(tb) — #Tatart( ) #Tatart( )
A # reompiere ta) = Freomprer. (To);

2. tasks with different labels are non-overlapping:

#l(t(l> % #l<tb> — #Tcomplete (tll) < #Tstart (tb))7

3. no other task instance performed by the same resource, which is not in-
cluded in the parallel batch, can be started or completed when processing
the batched instances, i.e., given:

T, ={t € (T.; \ Ty | 3tuyer, (#+(ta)
A (#Frpars (ta) <
V #rrare (ta) <

#He(t) = (o)
# s:tamt( ) S #Tcomplete (tb)
# complﬁte( ) < #Tcomplcte (tb>>)}

571 we require T, = ().

22



572

573

574

575

576

577

578

579

580

581

582

583

584

585

586

587

588

589

An illustration of a parallel batch subprocess within the context of run-
ning example 2 is provided in Table [5{and visualized in Figure|8| The parallel
batch subprocess consists of cases 9072 and 9080. First, these cases are pro-
cessed in a parallel batch at task ‘Preprocess blood sample’. Afterwards, task
‘Send blood sample’ is executed in these same cases as a parallel batch. As
‘Preprocess blood sample” and ‘Send blood sample’ immediately follow each
other for both cases which indicates that a parallel batch subprocess is de-
tected.

Definition 6 (Sequential task-based batch). Let x C L represent a set of
task labels. A sequential task-based batch is composed of a set of task instances
T\ C T, fulfilling the base task-based batch conditions (cf. Deﬁm’tz’on and
additionally the following conditions:

1. for allt € T\ the arrival time of the instance cannot be later than the
start time of the first instance for that particular task in the batch, i.e.,
Jorallt, € T - (Fh(te) = #1(1) = Froriva () < Frsare (L)

2. for1l <k <n—1 and the sequenceﬂ of task instances (t1, ..., tg, ... ty) €
Ty with #1y (te) < #ropon (trr1) the following conditions cumulatively
hold:

o task instances referring to the same label are at most separated by
a time gap vy, i.e.:

#itr) = #iltrsr) = (Fraare Cer1) = Fropmpiere (tr)) € [0,7]
with v > 0,

e the time gap between the completion of the last instance for a
particular task in x and the start of the first instance of the next
task in x cannot exceed the tolerated time gap 0, i.e.:

#i1(te) # #1(thr1) = (Fraare (tr1) = Froomprere (tr)) € [0, 0]
with 6 > 0.

3We denote with X* the set of all sequences over set X. Moreover, we assume in the
remainder of this paper that it is possible to obtain a totally ordered sequence of events
performed by a single resource. If this is not fulfilled, the event logs can be pre-processed
based on a secondary order criteria e.g., the completion time.
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Table 5: Illustration of a parallel batch subprocess (running example 2)
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9072 Preprocess  Device TB0O4  10/01/2019 10/01/2019 10/01/2019 52 par 8 par
blood 12:28:02 13:03:17 13:07:52
sample
9080 Preprocess  Device TB0O4  10/01/2019 10/01/2019 10/01/2019 52 par 8 par
blood 12:35:02 13:03:17 13:07:52
sample
9072 Send blood Nurse Sue 10/01/2019 10/01/2019 10/01/2019 59 par 8 par
sample 11:07:52 13:13:24 13:17:04
9080 Send blood Nurse Sue 10/01/2019 10/01/2019 10/01/2019 59 par 8 par
sample 11:07:52 13:13:24 13:17:04
13:03:17 13:07:52 13:13:24 13:17:04
[ ] [ ] [ ] [ ]
Preprocess blood Send blood |
case 9072 sample sample |
13:03:17 13:07:52 13:13:24 13:17:04
. . . '
Preprocess blood Send blood |
case 9080 }7 ormole <amole |

Figure 8: Visualization of a parallel batch subprocess (running example 2)

3. no other task instance performed by the same resource, which is not
included in the sequential task-based batch, can be started or completed
when processing the batched instances, i.e., given:

T, = {t € (Teaﬁ \ Tx) | Elta,tbeTX (#r(ta) = #r(t) = #r(tb)
A (#Tsta'rt (ta) < #Tstart (t) < #Tcomplete (tb)
v #Tstart (ta) S #Tcomplete (t) S #Tcomplete (tb)))}

24



590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

we require T, = ().

As illustrated in Table [6] and visualized in Figure [0} a sequential task-
based batch subprocess is detected for the task instances included in Table
(related to running example 1). More specifically, the batches with task-
resource batch identifier 138 and 374 fulfill the conditions of a task-based
sequential batch process as they both consist of the same cases 9845 and
9852, and the tasks immediately follow each other for both cases. Because
both tasks are sequential batches at the task-resource level, the task-based
subprocess is marked as a task-based sequential batch subprocess.

Definition 7 (Concurrent task-based batch). Let x C L represent a set
of task labels. A concurrent task-based batch is composed of a set of task
instances Ty, C T,, fulfilling the base task-based batch conditions (cf. Defini-
tz’on and additionally the following conditions:

1. given 1 < k < n—1 and the sequence of task instances (t1, ..., tg, ..., t,) €
Ty with #qpp0 (k) < Froar (th1) and ty # tr1 subsequent task in-
stances are performed concurrently, i.e.:

#TstaTt (tk) S #Tstart (tk+1) < #Tcomplete (tk)
A (#TstaTt (tk) # #Tsta'rt (tk+1> v
#Tcomplete (tk) # #Tco'mplete (tk+1))

2. no other task instance performed by the same resource, which is not
included in the concurrent task-based batch, can be started or completed
when processing the batched instances, i.e., given:

Tr - {t S (Tex \ TX) | E]ta,tbGTX (#T(ta) - #r(t) - #r(tb)
A (F#rar (ta) < Hrare(0) < F#rppprere (B)
\ #Tsta’rt (ta) S #Tcomplete (t) S #Tcomplete (tb)))}

we require T, = ().

An example of a concurrent task-based batch in the patient admission
process (running example 2) is presented in Table [7| and Figure . At
the task-resource level, the instances of both ‘Complete registration form’
and ‘Create admission documents’ partially overlap in time. Consequently,
these instances form concurrent batches at the task-resource level (with task-
resource batch identifier 36 for ‘Complete registration form’ and 42 for ‘Create
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Table 6: Illustration of a sequential task-based batch subprocess (running example 1)
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9845 Register Lab assistant 14/01/2019 14/01/2019 14/01/2019 138 seq 38 seq  task-
sample Zoe 10:17:38 11:22:33 11:26:04 based
9852 Register Lab assistant 14/01/2019 14/01/2019 14/01/2019 138 seq 38 seq  task-
sample Zoe 10:32:44 11:26:04 11:30:21 based
9845 Prepare Lab assistant 14/01/2019 14/01/2019 14/01/2019 374 seq 38 seq  task-
sample Nick 11:26:04 11:30:23 11:37:58 based
9852 Prepare Lab assistant 14/01/2019 14/01/2019 14/01/2019 374 seq 38 seq  task-
sample Nick 11:14:17 11:37:58 11:46:11 based
11:22:36 11:26:04 11:30:23 11:37:58
L [ ] q [ ]
case 98 Register Prepare sample |
9S45 sample ‘
11:26:04 11:30:21 11:37:58 11:46:11

case 9852 }—REgister sample

Prepare sample

-

Figure 9: Visualization of a sequential task-based batch subprocess (running example 1)

admission documents’). As these tasks immediately follow each other for
both cases, a concurrent task-based batch subprocess is present.

In summary, phase 2 of the algorithm can identify sets of task instances
fulfilling the conditions of either parallel or task-based sequential /concurrent
batch subprocesses. Two columns are added in this phase: a batch subpro-
cess identifier and a batch subprocess type. In the output, task instances
belonging to a batch subprocess will share the same batch subprocess iden-

tifier.
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Table 7: Illustration of a concurrent task-based batch subprocess (running example 2)
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i ; : : : : % 5 %
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9097 Complete Secretary 10/01/2019 10/01/2019 10/01/2019 36 conc 4 conc task-
registration  Mark 11:12:18 11:12:18 11:19:54 based
form
9098 Complete Secretary 10/01/2019 10/01/2019 10/01/2019 36 conc 4 conc task-
registration =~ Mark 11:16:04 11:16:04 11:23:31 based
form
9097 Create Secretary 10/01/2019 10/01/2019 10/01/2019 42 conc 4 conc task-
admission Mark 11:19:54 11:23:31 11:28:19 based
documents
9098 Create Secretary 10/01/2019 10/01/2019 10/01/2019 42 conc 4 conc task-
admission Mark 11:23:31 11:26:48 11:32:08 based
documents
11:12:18 11:19:54 11:23:31 11:28:19
° . . .
Complete registration form Create admission |
case 9097 documents ‘
11:16:04 11:23:31 11:26:48 11:32:08

[ ]

case 9098 |

Complete registration form

[ ]

Create admission

documents

-

Figure 10: Visualization of a concurrent task-based batch subprocess (running example 2)

4.5. Phase 3: detect case-based sequential/concurrent batch subprocesses

The algorithm’s third phase aims to detect case-based sequential or con-
current batch subprocesses. To this end, for the reasons outlined earlier, it
uses the task instances which are not part of a task-resource batch or which
are included in a concurrent or sequential task-resource batch (cf. subset 2
in Figure 5)). Regarding the inclusion of instances in a concurrent/sequential
batch at the task-resource level, it should be noted that instances included in
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a concurrent /sequential task-based batch subprocess are removed from sub-
set 2 after phase 2. This avoids that task instances will be duplicated in the
merged batch-enriched task log after phase 3.

To identify case-based batching behavior for a particular set of connected
tasks (i.e. a task subsequence representing a potential subprocess), three
steps are taken. Firstly, within-case batching is checked, which focuses on
the presence of a batching relationship between task instances of one partic-
ular case. To illustrate this, consider Table [§| where the subsequence ‘Study
summary results’ - ‘Prepare report’ is considered. As shown in Figure [4]
sequential/concurrent case-based batching requires that a batching relation-
ship is present between the execution of different tasks in a particular case.
This holds for case 9969 in Table 8, where a sequential relationship holds
between the execution of ‘Study summary results’ and ‘Prepare report’. The
same holds for case 9974.

Secondly, when within-case batching is detected, the involved task in-
stances related to a particular case are replaced by a single aggregated in-
stance. This is a preparatory step for the third step of case-based subprocess
detection. The arrival and start timestamp of this aggregated instance cor-
respond to the earliest arrival and start timestamp of the included instances.
For the complete timestamp, the aggregated instance will take the latest com-
plete timestamp of the included instances. For example: the aggregated task
for case 9969 will have 13:45:17 as arrival time, 15:22:47 as start time and
15:57:54 as completion time. For case 9974, the arrival, start and completion
time correspond to 13:58:17, 15:57:54 and 16:28:57, respectively.

Finally, the third and last step uses the aggregated instances to determine
whether between-case batching is present. Between-case batching determines
whether a batching relationship also holds between the aggregated instances
created in the second step (representing batches at the level of specific cases).
To this end, similar sequential /concurrent time relationships are detected as
the ones used for batch detection at the task-resource level. When between-
case batching is also detected, a case-based batch subprocess is identified. In
Table [§] a sequential relationship holds for the aggregated instances of cases
9969 and 9974. Hence, a case-based sequential batch subprocess is found,
which is highlighted by adding a shared batch subprocess identifier. The
batch subprocess is also visualized in Figure (11}

The aforementioned three steps make it possible to determine whether
case-based batching prevails for one particular task subsequence. However,
a multitude of task subsequences can be present in the input file for phase
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Table 8: Illustration of a sequential case-based batch subprocess (running example 1)
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<
T 2 é
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s 3 8 8
= 5 & &
I 2 e} 2
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(3] - + 7} [7)
el o S L 2 8
PR g E : v & § 7
i ; : : : i 3§ 3
[3} + = IP & I + + 2 Q
9969 Study Lab technician  14/01/2019 14/01/2019 14/01/2019 - - 61 seq case-
summary June 13:45:17 15:22:47 15:41:08 based
results
9969 Prepare re- Lab technician 14/01/2019 14/01/2019 14/01/2019 - - 61 seq case-
port June 15:41:08 15:41:08 15:57:54 based
9974  Study Lab technician  14/01/2019 14/01/2019 14/01/2019 - - 61 seq case-
summary June 13:58:17 15:57:54 16:11:12 based
results
9974 Prepare re- Lab technician 14/01/2019 14/01/2019 14/01/2019 - - 61 seq case-
port June 16:11:12 16:11:12 16:28:57 based
15:22:47 15:41:08 15:57:54
0 . .
case 9969 Study summary results Prepare report i
15:57:54 16:11:12 16:28:57

[ ]

case 9974 }

Study summary
results

Prepare report

Figure 11: Visualization of a sequential case-based batch subprocess (running example 1)

3. Without loss of generality, two methods to identify candidate task subse-
quences are proposed, which are (1) enumeration and (2) sequence mining.
For each of these candidates, case-based batch detection will be performed

following the three steps outlined above.

When enumeration is used, all potential task subsequences prevailing in
the input subset for BAMA’s phase 3 are considered. This involves subse-
quences of all orders (i.e. number of tasks), going from two tasks to the length
of a trace included in the input subset. To avoid that very rare subsequences
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also need to be checked for batching behavior, a threshold can be specified
expressing the minimal occurrence frequency of a subsequence. Moreover,
a filtering mechanism is integrated to avoid that higher-order subsequences
are unnecessarily checked. Higher-order subsequences containing a particu-
lar lower-order subsequence will not be checked when within-case batching
is absent for this lower-order subsequence. The filtering mechanism builds
upon the idea that within-case batching is a prerequisite for the detection
of a case-based batch subprocess. Suppose, for example, that no within-case
batching is detected for a task subsequence A - B. This implies that, for
none of the cases in the input log, a batching relation exists for the case’s
instances related to tasks A and B. Hence, a case-based batch containing
instances of A and B will not exist. Consequently, higher-order subsequences
containing A - B such as A - B - C should not be checked as the prerequisite
for case-based batching is not fulfilled for A - B.

Besides enumeration, existing sequence mining methods can also be used
to identify candidate case-based subprocesses. In the implementation, the
SPADE algorithm introduced by Zaki [39] has been incorporated. SPADE
looks for frequent tasks sequences taking into account a user-defined min-
imum support level. The implementation of BAMA hard-codes a SPADE
parameter to ensure that only tasks that immediately follow each other are
taken into consideration.

We now formally define the different batch subprocess types for case-based
batching. First, requirements common for all case-based batch subprocess
types are identified. Then, we define sequential, and concurrent case-based
batching. Illustrations are provided to clarify the definitions, consisting of
an example footprint in the batch-enriched task log and a visualization.

Definition 8 (Base case-based batch conditions). Let 1) C C represent a set
of case identifiers. The base batch conditions common to all case-based batch
types that a set of task instances Ty, C Te, needs to fulfill are:

1. all task instances refer to case identifiers in ¢, i.c., Vier, #(t) € ¥;

2. given1 < k < n—1 and the sequence of task instances (t,... tg, ..., 1,) €
Ty with #+ 00, (tr) < Frogar (trr1) and ty, # try all task instances with
the same case identifier are started before proceeding to task instances
with another case identifier:

#etr) # #elter1) = Virigjcn(#c(ty) # #e(tr))
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3. the same number and at least two instances for each case identifier are
recorded:

Vereoew({t € Ty | #e(t) = c1}| = {t € Ty [ #:(t) = c2}| = 2);

4. the same set of task labels is involved in the batch:

Verwep({l €L |3t €Ty #(t) =1LAN#(t) =1}
={leL|3teTy:#(t) =1N#(t) =c2});
701 5. the same resource executed the full batch, i.e., Vi, e, (#r(ta) = #r(ts)).

2 Definition 9 (Sequential case-based batch). Let ¢ C C represent a set
03 of case identifiers. A sequential case-based batch is composed of a set of
s task instances Ty, C To, fulfilling the base case-based batch conditions (cf.
70 Deﬁm’tion@ and additionally the following conditions:

706 1. for1 <k < n—1 and the sequence of task instances (t, ... g, ... t,) €

707 T With #1y (te) < #ropan (trr1) the following conditions cumulatively
708 hold:

e task instances referring to the same case identifier are at most
separated by a time gap y:

#C(tk) = #C(thrl) = (#Tsta'rt (tk+1) - #Tcomplete (tk)> € [07 7]
with v > 0,

e the time gap between the completion of the last instance for a
particular case identifier in 1 and the start of the first instance of
the next case identifier in 1 cannot exceed the tolerated time gap

0:

#e(te) # #e(ter1) = (Froare Crt1) = Frempiere (1)) € [0, 0]
with 6 > 0.

2. no other task instance performed by the same resource, which is not
included in the sequential case-based batch, can be started or completed
when processing the batched instances:

Tr = {t € (Tex \ TTZJ) | E]ta,thTw (#r(ta> = #r(t) = #r(tb)
A (#Tstart(ta) < #Tstart (t) < #Tcomplete (tb)
\% #Tstart(ta> < #Tcomplete (t> < #Tcomplete (tb)))}

700 we require T, = ().
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An illustration of a sequential case-based batch was already provided in
Table |8 and Figure |11 within the context of running example 1. Tasks ‘Study
summary results’ and ‘Prepare report’ are performed first for case 9969 in
a sequential way, and afterwards for case 9974. Moreover, the relationship
between the task instances of cases 9969 and 9974 also has a sequential
character. Consequently, a sequential case-based batch is detected.

Definition 10 (Concurrent case-based batch). Let 1p C C represent a set
of case identifiers. A concurrent case-based batch is composed of a set of
task instances Ty, C T., fulfilling the base case-based batch conditions (cf.
Deﬁnitz’on@ and additionally the following conditions:

1. given 1 < k < n—1 and the sequence of task instances (t1, ..., tg, ..., t,) €
Ty with #qpp00 (th) < Hroar (th1) and ty # tr1 subsequent task in-
stances are performed concurrently, but not perfectly in parallel:

#Tstart (tk') S #Tstm"t (tk+1) < #Tcomplete (tk)
/\ (#Tstart (tk) # #Tsta'rt (tk+1) \/
#Tcomplete (tk) # #Tcomplete (tk+1))

2. no other task instance performed by the same resource, which is not
included in the sequential case-based batch, can be started or completed
when processing the batched instances;

T, ={t € (Tex \ Ty) | 3to1pem, (#r(ta)
A (Fraare (ta)
V # g (ta)

#r (t) = #r (tb)
#Tstart (t) S #Tcomplete (tb)
#Tcamplete <t> < #Tcomplete (tb>>) }

IAINA

we require T, = ().

To illustrate this last type of batch activity, consider Table [9] and Fig-
ure which are derived from running example 2. For case 9123, tasks
‘Complete drug allergy form and ‘Perform blood test’ are performed concur-
rently. The same holds for case 9124. When aggregating both instances at
the case level, a concurrent relationship even exists between the cases due to
the time overlap between ‘Perform blood test’ for case 9123 and ‘Complete
drug allergy form’ for case 9124. Hence, a concurrent case-based subprocess
is detected.
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Table 9: Illustration of a concurrent case-based batch subprocess (running example 2)

o
[}
T 2 é
5 5§ 2 :
T & 3 2
s 3 8 8
BN
I 2 e} 2
54 o 2 2 =} =
3} - I ) [7)
el o S 2 2 8
PR g E : i £ 5 %
2 i @ by S g 0 = <
3 g 4 & & & g &8 2 =2
9123 Complete Nurse Kate 10/01/2019 10/01/2019 10/01/2019 - - 21 conc case-
drug al- 15:02:41 15:21:18 15:33:09 based
lergy form
9123 Perform Nurse Kate 10/01/2019 10/01/2019 10/01/2019 - - 21 conc case-
blood test 15:02:41 15:31:30 15:37:14 based
9124 Complete Nurse Kate 10/01/2019 10/01/2019 10/01/2019 - - 21 conc case-
drug al- 15:26:01 15:35:24 15:44:55 based
lergy form
9124 Perform Nurse Kate 10/01/2019 10/01/2019 10/01/2019 - - 21 conc case-
blood test 15:26:01 15:41:32 15:48:09 based
15:21:18 15:33:09
L L
o~
Complete drug alergy form }
15:31:30 15:37:14
case 9123 ° o
} Perform blood test I
-
15:35:24 15:44:55
/ b [ ]
} Complete drug allergy form
case 9124 15:41:32 15:48:09
L L
\ Perform blood test
\
o

Figure 12: Visualization of a concurrent case-based batch subprocess (running example 2)

720 In summary, phase 3 of the algorithm will group task instances which ful-
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fill the requirements of a case-based sequential /concurrent batch subprocess.
This will be expressed in the output by assigning a shared batch subpro-
cess identifier to these instances. As a consequence, phase 3 will not add
new columns, but will complete the columns added in phase 2 (batch sub-
process identifier and batch subprocess type) with information on detected
case-based batch subprocesses.

4.6. Batch-enriched task log creation

The output of BAMA is a batch-enriched task log, having a structure as
exemplified in Tables B9 It is obtained by merging the outputs of phases
2 and 3 of the algorithm. Compared to the task log, the batch-enriched
task log will contain four additional columns conveying batching information:
the task-resource batch identifier, the task-resource batch type, the batch
subprocess identifier, and the batch subprocess type. Hence, when applicable,
the algorithm will have grouped task instances in batches at the task-resource
level and identified batch subprocesses.

Definition 11 (Batch-enriched task log). Let T,, represent an extended task
log and let Ty, be a batch-enriched task log. To transform T, to Ty, two
mapping functions my and ms are sequentially applied:

o my : T, — T, assigns a batch subprocess identifier bs; and a batch
subprocess type by, with bs; € N and by € {par, seq task-based, conc
task-based}. The values of bs; and by are shared among the task in-
stances 1 which are part of the same parallel batch subprocess or sequen-
tial/concurrent task-based batch subprocess.

o my : T — Ty assigns a batch subprocess identifier bs; and a batch
subprocess type bsy, with bs; € N and bs; € {seq case-based, conc case-
based}. The values of bs; and bsy are shared among the task instances
i which are part of the same sequential/concurrent case-based batch
subprocess.

After the application of my and ms, the batch-enriched task log Ty, consists of
a set Of batched task instances t;; = (Ca t7 Ty Tarrivals Tstarty Tcompletes btr,ia btr,ta bs,i;

bs.t)-
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4.7. Implementation

A prototypical implementation of BAMA has been developed in K and
is publicly available at https://github.com/nielsmartin/bama or https:
//doi.org/10.5281/zenodo.3653952. Ris a programming language provid-
ing extensive functionalities for data manipulation and statistical analysis.
The key packages that are used are dplylﬂ for data manipulations and sum-
marisations, lubridateﬁ] to work with timestamps and reshape to convert
the event log to a task log. When applying sequence mining during case-
based batch detection, the implementation of the SPADE algorithm in the
arulesSequencesE] package is used.

In order to use the implementation, an event log is required. This event
log should take the form of a data frame, which is a rectangular data table for-
mat in R in which columns contain variables and rows represent observations
[40]. When an event log is available in the XES-formatﬂ it can be converted
to the correct input format by leveraging the R-package xesreadR’| which is
part of the bupaR suite supporting process analysis in R [41].

Once the event log has been imported, a helper function is available to
convert the event log to a task log. Afterwards, batch identification can be
initiated. An integrated function enables the detection of batching behavior
at both the task-resource and subprocess level. This function must be pa-
rameterized by the user. The following parameters need to be specified to
support the identification of batching behavior at the task-resource level:

e For sequential batch detection: a list containing the maximal tolerated
time gaps between consecutive task instances. Each entry represents
the time gap related to a particular task as, e.g., setup times might
differ across tasks. A helper function is available to create this list.

e For sequential batch detection: a boolean indicating whether the event
log contains the arrival time of a case at a task. When available, the
arrival time is used to distinguish between sequential batching behavior
and regular queue handling.

4https://www.r-project.org
Shttps://CRAN.R-project.org/package=dplyr
Shttps://CRAN.R-project.org/package=1lubridate
"https://CRAN.R-project.org/package=arulesSequences
8XES is an XML-based standard for the exchange of event logs [2].
9nttps://CRAN.R-project.org/package=xesreadR
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e A boolean indicating whether timestamps are expressed numerically,
instead of in a date-time format.

e The format of the timestamps in the event log (e.g. yyyy-mm-dd
hh:mm:ss).

The following parameters need to be specified for the detection of sequen-
tial/concurrent case-based batch subprocesses:

e An entry reflecting the way in which subsequences were generated, i.e.
by means of enumeration or using sequence mining.

e A list containing the subsequences for which case-based sequential or
concurrent batch subprocesses need to be detected. Helper functions

are developed to create this list using enumeration or sequence mining
using the SPADE algorithm.

e For sequential case-based batch detection: a maximal tolerated time
gap between consecutive instances associated to a particular case (i.e.
used to detect within-case batching).

e For sequential case-based batch detection: a maximal tolerated time
gap between the (aggregated) within-case batches across consecutive
cases (i.e. used to detect between-case batching).

4.8. Metrics and visualizations

As follows from Section [4.6, the outcome of BAMA is a batch-enriched
task log, which is a task log containing four additional columns with batch-
ing information. As real-life task logs typically contain a large number of
entries, a manual inspection of the batch-enriched task log is infeasible. Con-
sequently, it is important that the batching information in the batch-enriched
task log is presented in a concise and intuitive way in order to gain a rich un-
derstanding in batching behavior. While a detailed overview on this matter
is beyond the scope of this paper, the remainder of this subsection provides
some pointers regarding (i) the potential of batching behavior metrics, and
(ii) potential visualizations based on a batch-enriched task log.

A first way to convey batching insights in a concise way is the development
of batching behavior metrics. The authors have discussed metrics for batch
activities in previous works [0l 27]. A relevant metric is, for instance, the
number of occurred batch activities as a percentage of the total number
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of occurrences of the task(s). This allows insights into the actual usage
of batching for certain tasks and subprocesses. Another metric can relate
to the average or median batch size, providing insights in the number of
cases which are typically included in a batch. Batching is usually applied
to save time and costs, such that the average or median execution time
and related costs of the batches can be compared to task executions which
are not batched. When several resources can perform a particular batch
activity, metrics can be calculated in general (i.e. disregarding the distinction
between resources), or can be expressed at the level of individual resources.
Positioning metrics at the resource level enables to analyze whether batching
behavior is concentrated amongst a limited number of resources.

Besides numeric batching behavior metrics, the batch-enriched task log
can also be used to visualize batching behavior. Graphs can take the metrics
as a starting point and, e.g., show how the instances of a particular task
are divided over the batch types. This can show the analyst how prevalent
batching behavior is for a particular task. The evolution of particular metrics
over time can also be visualized, which highlights whether batching behavior
is related to particular times of day or days of the week. When considering
a longer time horizon, it can also be observed whether batching behavior
evolves over time. Next to graphs taking metrics as a starting point, the
batching information in the batch-enriched task log can be projected on
a Dotted Chart, in which the dots of batched task instances are colored,
while non-batched instances are grey. Some examples of visualizations will
be included in the evaluation of the proposed algorithm using real-life data
(Section [5.2)).

The batch-enriched task log can also be leveraged as an input for a visual
analysis tool for batching behavior. Such a tool would enable an analyst to
start from a high-level overview of batching behavior and interactively drill-
down to study a specific batch or resource. Other features of such a tool
could include the benchmark of resources, or the comparison between the
characteristics of batched task instances and task instances which are not
batched.

5. Evaluation

To evaluate BAMA, a twofold approach is followed: an evaluation using
synthetic event logs and an evaluation using a real-life log. Both types of
evaluation serve different goals. In Section [5.1] synthetic event logs are used
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to evaluate the algorithm’s ability to rediscover known batches. Because it
is known which task instances belonged to a batch in (simulated) reality,
synthetic logs make it possible to demonstrate the effectiveness of BAMA
to correctly detect batching behavior when it is present. Afterwards, in
Section [5.2] the algorithm is applied to a real-life event log. To this end,
historic data from a digital whiteboard system deployed in a surgical ward
of a university hospital in Norway is used. Besides demonstrating BAMA’s
applicability within a real-life setting, the insights that it can generate in
such a real-life context are also highlighted.

5.1. Experiments with synthetic event logs
5.1.1. FExperimental design

The goal of the evaluation using synthetic data is to determine whether
the algorithm can rediscover known batches solely using an event log. To this
end, synthetic event logs are created by simulating a BPMN process diagram
using the extendable and open-source BPMN process simulator Scylla [42].
Nine distinct models with varying degrees of complexity are included, as
shown in Figure [13] We generated different variants of batch subprocesses
(i) with a linear behavior (i.e., consisting of several tasks connected sequen-
tially) including also a process model with two batch subprocesses (cf. #3
in Figure[13), (ii) with parallel behavior through an AND gateway, (iii) with
a choice through a XOR gateway, and (iv) with a combination of AND and
XOR gateways.

For each process diagram, a separate event log is generated for each
batch processing type, i.e. parallel, sequential/concurrent task-based, and
sequential/concurrent case-based batching. As a consequence, 45 distinct
event logs are generated. The number of simulated process instances per
event log is set to 1,000. All synthetic event logs are publicly available
at https://github.com/nielsmartin/bama or at https://doi.org/10.
5281/zenodo . 3653952.

For each synthetic event log, BAMA is applied using a maximum al-
lowed time gap for sequential batching of zero seconds. Changing this value
would have no impact on the results as the synthetic data originates from
a simulated environment in which each task or batch activity has dedicated
resources. Regarding the method to generate subsequences as candidates for
case-based batching, enumeration is selected.

It should be stressed that, before feeding the event log to the algorithm,
all information reflecting how batches are formed according to the simula-
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Figure 13: BPMN process diagrams used for the generation of synthetic event logs

tor’s batching logic is removed. Using this event log, completely agnostic
of the batches present in reality, the algorithm detects batches following the
procedure outlined in Section [4

To evaluate the algorithm’s performance, the detected batches are com-
pared to the batches created during the simulation. The simulated environ-
ment enables us to know which task instances are grouped together in a batch
according to the simulator’s batching logic. Hence, the algorithm should be
able to identify these batches from the synthetic log, providing a basis to eval-
uate whether the algorithm can identify different types of batching behavior
when we know that the input data contains such batching behavior. For per-
formance evaluation purposes, a task instance is considered to be incorrectly
assigned when it either (i) is included in a batch of the correct type, but in
a composition with instances different from the composition created by the
simulator’s batching logic, or (ii) is included in a wrong type of batch. Note
that the first criterion is rather rigorous as the composition of discovered
batches has to be completely correct. For instance: when BAMA rediscovers
a batch for all but one instance, the entire batch will be considered to be
incorrectly assigned.

5.1.2. Results
The use of synthetic data enables a direct comparison of the task instances
which are batched by the batching logic embedded in the simulator on the one
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hand, and task instances which are batched according to BAMA’s output.
To quantify the degree to which BAMA can correctly rediscover batches in
synthetic data, the following three key output measures are calculated for
each synthetic event log:

e The percentage of correctly rediscovered batched instances.
This measure represents the percentage of task instances which are
batched according to the simulator’s batching logic which BAMA cor-
rectly rediscovers. In other words, this measure represents the percent-
age of task instances batched according to the simulator’s batching
logic, which are correctly marked as part of the correct batch by the
algorithm.

e The percentage of correctly rediscovered instances. This mea-
sure represents the percentage of task instances for which BAMA de-
tects the correct batching behavior. Differently from the previous out-
put measure, this measure also takes into account task instances which
are not batched according to the simulator’s batching logic. As a con-
sequence, this measure considers all task instances, while the previous
measure focused on task instances which were batched according to the
simulator’s batching logic.

e The percentage of instances which are not batched according
to the simulator’s batching logic, but which are reported as
part of a sequential batch by BAMA. This measure focuses on
task instances which are not explicitly batched according to the sim-
ulator’s batching logic. Despite the fact that these instances are not
purposefully batched by the simulator, a sequential batching pattern
might still be present because handling long queues can fulfill the re-
quirements for sequential batchingEG]. To quantify the extent to which
this phenomenon is present, this measure highlights the percentage of
instances which are not batched according to the simulator’s batching
logic, but for which BAMA indicates that sequential batching occurs.

108uppose that a large number of cases is waiting to be processed by a particular resource
at a particular task. In that case, a group of queuing cases might be present at the task
before the resource starts to process the first case in this group. As a consequence, under
these conditions, sequential batching can be detected.
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Table 10: Summary statistics on the output measures (excluding diagram #6)

output measure ‘ mean sd median min max
% of correctly rediscovered batched instances 100.00 0.00 100.00 100.00 100.00
% of correctly rediscovered instances 90.12 2.65 90.97 83.33 91.67
% of instances not batched according to the | 16.19 6.84 13.49 11.21 33.33

simulator’s batching logic reported as part of
sequential batch

Batch identification on all 45 synthetic event log is executed on a standard
laptop computer. The average runtime was well below 10 seconds. The
detailed results for each synthetic log are included in Table [A.11]in [Appendix]
[Al From these results, it follows that the algorithm will correctly rediscover all
batching behavior which is introduced according to the simulator’s batching
logic. The only exception is process diagram #6, where the batch subprocess
is not rediscovered as the model consists of two tasks in an XOR-construct.
As either activity B or C will be observed in a trace, the algorithm will not
discover that both tasks are part of a batch subprocess. This observation
will be revisited in the discussion (Section [6)).

When disregarding diagram #6, which is a clear outlier in terms of perfor-
mance, Table [10] provides summary statistics on the three output measures.
The table shows that all task instances which the simulator batches accord-
ing to its batching logic are correctly rediscovered by the algorithm (100%
rediscovery). When instances which are not batched according to the simu-
lator’s batching logic are also taken into account, the algorithm classifies, on
average, 90.12% of the instances correctly. Given the fact that all instances
that the simulator batches according to its batching logic are correctly re-
discovered, this last result indicates that BAMA reports some task instances
which are not batched by the simulator as being part of a batch. This is
supported by the last output measure in Table[10} on average 16.19% of the
instances which are not batched according to the simulator’s batching logic
are marked as being part of a sequential batch by BAMA. This latter obser-
vation explains the entire deviation between the designed batching behavior
in the simulator and our algorithm’s output.

From what said, the following two observations follow: (i) all batched
task instances are correctly rediscovered for all process diagrams besides di-
agram #6, and (ii) the identified batch behavior is not correctly discovered
for all task instances because BAMA detects sequential batching behavior
which is not introduced according to the simulator’s batching logic. These
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observations will be discussed in Section [6]

As highlighted in the experimental design, enumeration was used as the
method to generate subsequences which are candidate for case-based batch-
ing. For the sake of completeness, it should be noted that rerunning all
experiments with sequence mining as a subsequence identification method
generated identical results. Differences in terms of runtime were minimal
and remained, on average, well below 10 seconds for each synthetic log using
a standard laptop computer.

5.2. Discovering Batch Activities in Usage of a Hospital Ward

BAMA is also applied to a real-life event log obtained from a digital
whiteboard system that is deployed in a surgical ward of an university hospi-
tal in Norway. The event log has been subject to a previous study in which
higher level activities were recognized from the low-level events recording
every change in the system [43]. The event log is a good candidate for eval-
uating BAMA as it is expected to contain some batching behavior in how
information is entered for patients. Indeed, batching behavior was already
presumed in Mannhardt et al. [43] albeit solely based on a preliminary visual
analysis using a Dotted Chart [44]. Specifically, the hypothesis regarding
batching was that nurses would often only use the whiteboard to update
certain information around the times of a shift change.

The whiteboard system was introduced as a light-weight support system
for coordination and collaboration among nurses and is meant to support the
daily work of nurses in the hospital [46]. Figure [L4]shows the main screen of
the whiteboard in which each row corresponds to all the information entered
for a single patient. Each patient is assigned to a responsible nurse and that
nurse can update information for that patient in the whiteboard, e.g., the
planned treatment, necessary reports, or the planned discharge date. Next
to medical information, the whiteboard is also linked to a call signal system,
which records when patients raise an alarm or nurses attend the patient in
their room. Finally, the whiteboard system also records when the responsible
nurse for a patient changes. Thus, resource information is available for all
events.

5.2.1. Ezxperimental design

We obtained an event log with 8,487 cases tracking the updates made
on the whiteboard system for individual patients. In total, there are 298,636
events recorded. The events are recorded at fine granularity, i.e. every change
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Figure 14: Whiteboard system used in the hospital as described in [45]. Each row contains
information about a patient can be updated directly through a touch screen interface. The
event log of the system contains events for all the updates made grouped by patient. Note
that some entries are purposefully blurred for anonymization purposes.

of a cell in the whiteboard yields an event, and carries only a single times-
tamp as payload. We used the abstraction method and patterns described
in Mannhardt et al. [43] to derive a high-level event log with 6,455 caseeE|
and 70,936 instances of 14 distinct activities that have a defined start and
completion timestamp. The activities refer to:

e pre-announcement, registration, and transfer of the patient;

e five different usage patterns of the nurse call signal system:;

e updates of treatment and diagnosis information as well as generic re-

ports on the patient;

e handover between nurses.

Further details on the semantics of all activities are provided in Mannhardt

et al. [43].

For some cases the abstraction method did result in empty traces as no activity was
recognized. These cases were filtered out.
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BAMA is applied to the prepared event log. We used SPADE to iden-
tify frequent subsequences as exhaustively computing all subsequences took
about 10 minutes and returned more than 130,000 subsequences, which would
result in a very long computation time when applying BAMA. By varying
the minimum support level parameter between 0.005 and 0.4, we investigated
the trade-off on the frequency of detected case-based batching and found 0.01
to be giving the best result within a computation time of 3 minutes. The
tolerated time gap parameters of BAMA were set to 3 minutes based on the
domain knowledge that some activities may incur additional work beyond
what is captured in the timeframe between the start and complete time of
an activity instance. Again, we investigated the impact of the parameter by
varying it from 30 seconds to 12 minutes. As expected, more batch behavior
is detected when increasing the parameter value. BAMA detects 15.7% more
batching when using 12 minutes compared to 30 seconds. Finally, in absence
of more precise information in the event log, we assumed the arrival time of
tasks to be 5 minutes before their start.
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Figure 15: Process map discovered with Flexible Heuristics Miner (FHM) on the white-
board event log showing the main activities supported by the whiteboard system.
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Figure gives an overview of the process behavior for all completed
cases, i.e., those starting with either ‘Registration’ or ‘Announcement’ and
ending with ‘Discharge’ or ‘Transfer. The process map shows causal depen-
dencies discovered with the Flexible Heuristics Miner (FHM) together with
projected frequencies from the event log. As expected there is little struc-
ture since most of the activities can be performed in any order. Some of
the activities can be repeated such as ‘Handover’, ‘Nurse Call - Nurse’ and
‘Nurse Call - Shift’, as well as activities which update patient information
such as ‘Diagnose’ and ‘Treatment. The former three activities are initiated
by the nurse, who visits the patient’s room without a request from the pa-
tient. Finally, both ‘Registration’ and ‘Discharge’ are repeated, which can
be attributed to technical issues as the source system duplicates these events.

5.2.2. Results

The BAMA algorithm detected 30,530 task instances that were batched
in the digital whiteboard system. The execution time was about 3 minutes
on a standard laptop computer. Figure [16|shows an overview of the relative
frequencies with which batching behavior is detected for the different activ-
ities. This overview includes both batched instances at the task-resource
level, which could already be detected by the state-of-the-art technique de-
scribed in Martin et al. [6], as well as batch subprocesses, which are the core
contribution of this work.

The most frequent task related to batching behavior is ‘Handover’. This
is not surprising as handover of work normally takes place at the end of a
shift and the change in responsibility for each patient is registered on the
whiteboard. So, it is to be expected that this task is executed by nurses as a
sequential batch. Beyond this obvious batching behavior, BAMA identified
batching behavior in more than 20% of the task instances for the activities
‘Report’, ‘Treatment’, ‘Diagnose’, and ‘Discharge’ as well as two types of
interactions with the call signal system: ‘Nurse Call - Shift” and ‘Nurse Call
- Nurse’. In the latter two tasks, nurses use the call signal to indicate their
position in the ward.

These results partially confirm the batching hypothesis that was formu-
lated in Myrstad [45]. However, in contrast to the basic analysis with a Dot-
ted Chart visualization in Myrstad [45], the application of BAMA accurately
quantifies the amount of batching behavior, which is less than expected.

Next, we looked at the batching behavior at the subprocess level that
was identified by BAMA. Figure [I7 shows how frequently a task appears to
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Figure 17: Distribution of type of batching at the subprocess level compared based on the
overall batching.

be batched in a subprocess in relation to the overall batching behavior that
was identified for that task, i.e., the number of activity instances in sub-
process batching compared to the overall number of instances performed in
batches. Overall, subprocess batching was observed infrequently in the event
log. For example, in about 12% of the cases, the tasks ‘Nurse Call - Normal’
and ‘Report’ were identified as being part of sequential subprocess batching.
Concurrent subprocess batching is almost entirely absent, which is to be ex-
pected since there is normally only one nurse responsible for the patients on
a ward. We did not discover parallel batch subprocesses. In total, BAMA
discovered 1,220 task instances that were executed in subprocess batching
out of which 1,194 instances were part of task-based batch subprocesses and
26 were part of case-based batch subprocesses.

In Figure [I8, we grouped the detected batch subprocesses by the tasks
involved and indicate their ordering with the symbol ‘—’ to investigate the
batching behavior in more detail. Most of the subprocesses include the task
‘Handover’ batched together with tasks ‘Discharge’, ‘Treatment’, ‘Nurse Call
- Nurse’, ‘Report’, and ‘Registration’. Whereas batching of the ‘Handover’
task is to be expected, entering information about the treatment for patients
(‘Treatment’) or entering information in the report field of the whiteboard
(‘Report’) does not necessarily need to be batched. The whiteboard is sup-
posed to be used continuously during the shift to always have the latest
information available. However, as already investigated in Myrstad [45], it is
often only entered afterwards.
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Figure 18: Frequency of individual subprocesses that are detected to be executed in batches
and appear more than 10 times in the event log.

We further investigate some of the batching behavior using a Dotted
Chart analysis for specific working days. Figure [19| shows three exemplary
time periods on which batching behavior at the subprocess level is visible.
Each row (y-axis) corresponds to a distinct case being handled and the x-axis
shows calendar time with each vertical line indicating a 12 hour period. We
highlighted the start timestamps of task executions that are part of sequential
task-based batch subprocesses. For example, Figure shows an example
of how the handover of a shift and the update of the treatment information
is batched together for three patients. In Figure [I9h] there are two handover
task executions registered followed by a discharge for two patients. Moreover,
in another batch two sequential executions of using the call signal system
(‘Nurse Call - Nurse’ and ‘Nurse Call - Quick’) are registered. Figure
shows again a batch consisting of instances of ‘Handover’ and ‘Discharge’.

6. Discussion

6.1. Analysis of findings

From the evaluation using synthetic data, it follows that the algorithm
can correctly rediscover all batches for all but one of the considered BPMN
process diagrams. This shows that BAMA can identify batch tasks and
batch subprocesses when these are present. The BPMN diagram for which
the algorithm does not retrieve the correct batch subprocess is model #6
(cf. Figure[L3). The batch subprocess included in this model consists of two
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tasks in an XOR-construct. Consequently, either task B or task C will be
executed for a batch. Hence, the algorithm will identify batching behavior at
the task-resource level for B or C instead of a batch subprocess consisting of
B and C. To circumvent this limitation, BAMA’s output can be projected on
a process model generated using an existing control-flow discovery algorithm.
This will highlight the relationship between these batch tasks and, hence, the
fact that a batch subprocess is formed.

Another observation from the evaluation using synthetic data is that
BAMA detects more batching behavior than the batches which were pur-
posefully introduced by the simulator. More specifically, some task instances
which are not batched according to the simulator’s batching logic are marked
by BAMA as part of a sequential batch (at the task-resource level). Even
though this behavior is not introduced by the simulator’s batching logic, it
presents valid batching behavior as long queues which are sequentially pro-
cessed can fulfill the criteria for sequential batching. In particular, sequential
batching requires that a group of cases is queuing for the resource at a task
before this resource starts processing the first case within this group. When
queues are long, this condition can be fulfilled. Against this background, the
detection of sequential batching behavior by BAMA does not constitute a
performance issue of the algorithm.

The application of the algorithm on real-life data shows that BAMA iden-
tifies batching both at the task-resource level and at the subprocess level.
Overall, the application of BAMA generated more profound insights into
batching behavior than previous analyses of the same data with standard
methods, such as a Dotted Chart analysis. In particular, BAMA can be
used to exactly quantify the fraction of batch executions for certain parts
of the process. Compared to the previous analysis in Mannhardt et al. [43]
and Myrstad [45], batching of certain subprocesses (e.g., ‘Report’ followed
by ‘Handover’) was confirmed, but at a lower frequency than expected. The
generated insights provides support to the hospital to investigate the op-
erational use of the whiteboard system. For instance: the observation that
particular reporting tasks are batched together with handover tasks indicates
that the whiteboard is not always used continuously during the shift.

While the synthetic logs and the real-life log in Section [5| originate from a
single process, BAMA can also identify batching behavior in a multi-process
context. This is due to the fact that the algorithm focuses on how resources
perform tasks. Consequently, when tasks of several processes are included in
the event log, BAMA can also detect batch subprocesses containing tasks of
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different processes.

6.2. Limitations

Besides the contributions of this paper, its limitations also need to be
recognized. Firstly, the algorithm will identify a batch subprocess solely
consisting of a set of tasks in an XOR~construct as batching behavior at the
task-resource level. As outlined above, this limitation can be circumvented
by projecting the algorithm’s output on the output of a control-flow discovery
algorithm.

Secondly, the algorithm imposes some requirements on the event log used
as an input. Foremost, the start and completion of a task instance need to be
recorded, which might not be the case in particular real-life event logs. When
events are recorded at a fine granularity, this issue can be tackled by applying
abstraction methods, as discussed in the real-life data evaluation. Besides
start and completion times, the arrival time of a case at an activity is used
to distinguish sequential batching from regular queue handling. However, it
should be noted that the absence of an arrival time or a suitable proxy does
not impede the application of BAMA. When the arrival time is not available,
the conditions for sequential batching are less stringent as the requirement
that all cases need to be present before the processing of a batch starts cannot
be enforced.

Finally, the algorithm centers around the identification of batching behav-
ior, but does not focus on the operational effects of such behavior. However,
the algorithm identifies a wide variety of batching behavior, both at the
task-resource level and at the subprocess level. This provides a solid basis
to investigate why particular cases are batched and whether this is desirable
from a performance perspective.

7. Conclusion

This paper presents the Batch Activity Mining Algorithm (BAMA), which
is a novel algorithm to automatically detect batching behavior from an event
log. It extends prior research on this matter by enabling the discovery of
both batch tasks and batch subprocesses. The evaluation, both on synthetic
and real-life data, demonstrates the algorithm’s ability to identify batches
in an event log. BAMA'’s output provides organizations with quantitative
insights in the occurrence of a wide variety of batching behaviors. Compared
to a mere visual analysis, e.g. using Dotted Charts, the presented algorithm
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provides a more structured approach to identify batching behavior. Batching
can have a positive impact (e.g. a reduction in the number of setups), as well
as a negative impact (e.g. an increase in waiting times for some cases) on
the performance of a process. The algorithm offers detailed insights into the
recorded batch behavior and can be helpful to explain the observed process
duration in more detail. As the algorithm focuses on the relation between
tasks and resources, it could also detect batch behavior over multiple pro-
cesses if tasks of the different processes are included in one event log.

Building upon the work presented in this paper, several interesting di-
rections for future research can be distinguished. Firstlyy, BAMA can be
extended with a set of aggregated metrics and visualization functions. Cur-
rently, the algorithm focuses on the identification of batch tasks and sub-
processes. Taking this output as a starting point, future developments could
create a framework to, e.g., interactively analyze batching behavior. Some
pointers were already included in Section 4.8 Secondly, future work can link
the identified batches to its operational effects (e.g. its impact on waiting
times from a customer’s perspective) to determine whether a particular type
of batching behavior is desirable from the organizational perspective. More-
over, the organization could determine whether particular persons or teams
are more inclined to exhibit batching behavior. Finally, it is worthwhile to
investigate whether inductive batching insights can be embedded in a predic-
tive process monitoring framework. This would imply that knowledge about
batching behavior from the past would be used as one of the predictors to
estimate, e.g., the remaining time required to finish a case.
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Appendix A. Detailed output measures of the evaluation on syn-
thetic data

1. Process diagram #1: simple varl - one batch activity with two tasks
2. Process diagram #2: simple var2 - one batch activity with four tasks

3. Process diagram #3: simple var3 - two batch activities, each consisting
of two tasks

4. Process diagram #4: AND var 1 - one batch activity with two tasks
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. Process diagram #5: AND var 2 - one batch activity with three tasks
. Process diagram #6: XOR var 1 - one batch activity with two tasks in

XOR construct

. Process diagram #7: XOR var 2 - one batch activity with one ‘fixed’

task and two tasks in XOR construct

. Process diagram #8: MIX var 1 - one batch activity with AND followed

by XOR in one branch

. Process diagram #9: MIX var 2 - one batch activity with one ‘fixed’

task, followed by an AND with an XOR in one branch
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Table A.11: Detailed output measures of evaluation on synthetic data

log process batch % of correctly redis- % of correctly redis- % of instances not

num- dia- pro- covered batched in- covered instances batched according

ber gram cess- stances to the simulator’s

ing batching logic re-

type* ported as seq.
batch
1 1 par. 100.00 91.52 11.31
2 1 s.t.b. 100.00 91.49 11.34
3 1 s.c.b. 100.00 91.59 11.21
4 1 c.t.b. 100.00 91.49 11.34
5 1 c.c.b. 100.00 91.59 11.21
6 2 par. 100.00 91.67 16.67
7 2 s.t.b. 100.00 91.67 16.67
8 2 s.c.b. 100.00 91.67 16.67
9 2 c.t.b. 100.00 91.67 16.67
10 2 c.c.b. 100.00 91.67 16.67
11 3 par. 100.00 83.33 33.33
12 3 s.t.b. 100.00 83.33 33.33
13 3 s.c.b. 100.00 83.33 33.33
14 3 c.t.b. 100.00 83.33 33.33
15 3 c.c.b. 100.00 83.33 33.33
16 4 par. 100.00 91.47 11.38
17 4 s.t.b. 100.00 91.59 11.21
18 4 s.c.b. 100.00 91.54 11.28
19 4 c.t.b. 100.00 91.59 11.21
20 4 c.c.b. 100.00 91.54 11.28
21 5 par. 100.00 91.59 13.45
22 5 s.t.b. 100.00 91.57 13.49
23 5 s.c.b. 100.00 91.57 13.49
24 5 c.t.b. 100.00 91.57 13.49
25 5 c.c.b. 100.00 91.57 13.49
26 6 par. 0.00 76.05 11.28
27 6 s.t.b. 0.00 76.02 11.31
28 6 s.c.b. 0.00 76.16 11.14
29 6 c.t.b. 0.00 76.02 11.31
30 6 c.c.b. 0.00 76.16 11.14
31 7 par. 100.00 90.25 13.65
32 7 s.t.b. 100.00 90.36 13.49
33 7 s.c.b. 100.00 90.39 13.45
34 7 c.t.b. 100.00 90.36 13.49
35 7 c.c.b. 100.00 90.39 13.45
36 8 par. 100.00 90.48 13.33
37 8 s.t.b. 100.00 90.48 13.33
38 8 s.c.b. 100.00 90.48 13.33
39 8 c.t.b. 100.00 90.48 13.33
40 8 c.c.b. 100.00 90.48 13.33
41 9 par. 100.00 90.48 16.67
42 9 s.t.b. 100.00 90.48 16.67
43 9 s.c.b. 100.00 90.48 16.67
44 9 c.t.b. 100.00 90.48 16.67
45 9 c.c.b. 100.00 90.48 16.67

* par.: parallel, s.t.b.: sequential task-based, s.c.b.: sequential case-based,

c.t.b.: concurrent task-based, c.c.b.: concurrent case-based
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