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Abstract: Today’s business environments face rapid digital transformation, engendering the continu-
ous emerging of new technologies. Robotic Process Automation (RPA) is one of the new technologies
rapidly and increasingly grabbing the attention of businesses. RPA tools allow mimicking human
tasks by providing a virtual workforce, or digital workers in the form of software bots, for automating
manual, high-volume, repetitive, and routine tasks. The goal is to allow human workers to delegate
their tedious routine tasks to a software bot, thus allowing them to focus on more difficult tasks.
RPA tools are simple and very powerful, according to cost-saving and other performance metrics.
However, the main challenge of RPA implementation is to effectively determine the business tasks
suitable for automation. This paper provides a methodology for selecting candidate tasks for robotic
process automation based on user interface logs and process mining techniques.

Keywords: RPA; robotic process automation; software robots; process mining; task mining; event
log; user interface log; knowledge discovery; digital workforce; digital transformation

1. Introduction

Technology is changing at a faster pace. Disruptive firms are one source of techno-
logical change, which have the potential to create and develop radical innovations that
disrupt existing products and support industrial, economic, and social change [1–6]. More-
over, since the outbreak of the COVID-19 pandemic, digital transformation processes have
significantly hastened and become the unchallenged leader of all initiatives launched by
those companies and organizations that have been implementing initiatives related to
digitization for a long time as well as those that have only transformed their activities in the
areas of internal operations and work because of the pandemic [7]. In almost all industries,
organizations have started conducting initiatives to explore new digital technologies and
get their benefits. This includes transformations of crucial business operations, processes,
products, organizational structures, and management aspects [8]. Digital transformation
requires organizations to adapt their existing business models and enhance the automation
of their business processes [9]. Robotic Process Automation (RPA) is one of the most
recent developments to boost the automation level of business processes. RPA is a famous
subject in the corporate world [10]. RPA uses many artificial intelligence and machine
learning techniques: image recognition, Optical Character Recognition (OCR), etc. It is
considered a new wave of digital technologies [11], which is increasingly drawing the
attention of industries and administrations. RPA is a new technology that enables the
automation of high-volume, manual, repeatable, routine, rule-based, and unmotivating
human tasks [12]. This technology utilizes software robots to replace human actions for
performing administrative activities [13]. Using bots to execute repetitive tasks saves orga-
nizations time and money and reduces errors. Moreover, software bots allow employees
to focus more on higher-level work instead of on tedious tasks. Consequently, the return
on investment is colossal. An example of clerical tasks is the as-is process performed by
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a human depicted in Figure 1. The to-be process performed by a robot is illustrated in
Figure 2. The to-be workflow is similar to the as-is workflow. However, some tedious tasks
that were performed by a human user are now performed by a bot user. RPA has decreased
the threshold for process automation. Repetitive activities performed by people can now
be handed over to software bots. Software robots replace users by interacting directly with
the user interface that was originally operated only by people and do not modify or replace
any pre-existing information system in the organization. RPA is considered cheaper than
traditional automation solutions. Therefore, it can be exploited to automate routine tasks
that are broadly considered not cost-effective [14].
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Various benefits of implementing RPA within organizations have been reported
(e.g., [13,15–18]) as it speeds up business growth by reducing a lot of manual and repetitive
work. Nonetheless, as the technology is still new, the implementation of RPA faces some
challenges [19]. As is known, RPA solutions automate repetitive manual tedious tasks.
These repetitive, manual, and mundane tasks constitute the input for RPA tools. RPA
solutions do not identify the tasks that can be or need to be automated. Thus, the question
is: Which user work routines can favorably be automated with RPA? This is the main
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challenge [12]. We need to identify beforehand the tasks that need to be automated to be
able to use RPA tools. This work proposes a methodology to identify candidate digital tasks
for automation with RPA tools. Digital tasks are tasks performed using a computer by inter-
acting with the different user interfaces of different systems and applications. The proposed
approach is based on user interface interaction logs and process mining techniques. Process
mining [20] techniques extract knowledge from the event logs that record the execution of
business processes, and which are stored in today’s information systems such as Enterprise
Resource Planning (ERP) systems, Workflow Management (WFM) systems, Supply Chain
Management (SCM) systems, etc. One of the main techniques of process mining is process
discovery. This technique takes an event log as input and automatically creates a process
model which shows how the business process is behaving [21]. Process mining can play
a primary role in deciding the tasks that can be automated. Since RPA operates on the
user interface level; we can use process mining techniques to discover tasks from the user
interface interaction logs. A process is a set of tasks, and a task consists of a sequence of
steps. The goal of process mining is to discover business processes that are composed of a
set of tasks or operations. However, here, the aim of using process mining techniques is
for task discovery not for process discovery. Specifically speaking, the discovery of office
tasks performed in a user interface. To perform a specific task (e.g., order handling), a
user needs to perform several steps in a user interface. There are basically only two types
of actions that can be performed in a user interface: mouse clicks and keyboard. Thus,
steps are performed by switching screens with mouse clicks or/and entering different
content with the keyboard. To do this, the actions performed in a user interface with the
mouse and the keyboard need to be recorded to obtain the data. From the recorded data
related to interactions with the user interface, a log can be generated. This log needs to be
pre-processed so that it can be ready to be used by process mining techniques.

The contribution of this paper is to identify the tasks that are a candidate for automa-
tion with robotic process automation. This work shows how the tasks executed by an
employee are discovered using process mining discovery techniques and user interface
interaction logs. Then, once all tasks are discovered, the work will show how the manual
and repetitive tasks will be selected.

This paper is organized as follows. The second section presents robotic process automa-
tion architecture and robot types, an overview of process mining, and related work. The
proposed approach is explained in Section 3. A use case that applies the proposed approach
is provided in Section 4. Finally, Section 5 concludes the work and highlights limitations.

2. Theoretical Framework
2.1. Robotic Process Automation Elements

The role of technology is emerging continuously at a rapid pace. Many businesses
around the world are leveraging Robotic Process Automation (RPA) in a large variety of
fields to grant a significant competitive advantage in business process automation. In a
study, Gartner predicted that by 2020, companies investing in Robotic Process Automation
software will reach $1 billion, at a growth rate of 41% from 2015 through 2020 [22]. In
another study, the global RPA market size has been estimated at USD 1.57 billion in 2020,
and at USD 1.89 billion in 2021, and it has been predicted to grow at a rate of 32.8% from
2021 to 2028 [23].

Robotic process automation is composed of three components: bots, a studio, and an
orchestrator. (1) RPA bots are the virtual workforce that will be executing repetitive and
mundane human tasks. They are dedicated to handling an unmotivated mass of tasks so
that employees can engage in valuable jobs and problem-solving. There are two categories
of RPA bots, attended bots and unattended bots. Attended bots are bots configured to work
side by side with a human user. The goal is to speed up the repetitive tasks where the tasks
need to be triggered by the human user. This type of bot can be used in routine, manual,
and rule-based tasks which require human intervention for decision points. Unattended
bots are bots configured to work fully independently in the background. This type of bot is
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dedicated to working without the intervention of a human user and can be scheduled to be
started and executed automatically and triggered by a satisfying condition or a business
event. Unattended bots can be used in routine, manual, and rule-based tasks which do
not require any human intervention. (2) An RPA studio is responsible for configuring
the workflow to be executed by the bots which will be mimicking the human behavior.
It enables users to create, design, and automate the workflow to be executed by bots.
Business users are enabled to configure the bots by record and screenplay capability and
intuitive scenario design interface. (3) The RPA Orchestrator is responsible for scheduling,
managing, monitoring, and auditing the bots. The bots can be used with third-party
applications using Application Programming Interfaces (APIs). The elements of robotic
process automation are illustrated in Figure 3.
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Integrating robotic process automation with Machine Learning and Artificial Intelli-
gence can aid in the advancement of the capabilities of software bots beyond rule-based
processes and in improving business insights and ameliorating data integrity [24]. Fur-
thermore, integrating computer vision applications such as image processing, image detail
extraction, text recognition in an image, occurrence detection in an image, etc., can largely
help software bots in automating detailed tasks on a graphical user interface [25].

2.2. Process Mining

Process mining has been defined in [20] as a relatively young research discipline
that falls between artificial intelligence and data mining on the one hand and process
modeling and analysis on the other hand. Moreover, it was outlined in [26] as a recent set
of techniques that provide a strong bridge between BI and BPM by combining both process
models and event data forming a new form of process-driven analytics.

The main idea of business process mining is to extract the execution of business
processes recorded in event logs available in today’s information system to automatically
discover the models of business processes, compare existing business process models with
the new automatically constructed ones to identify deviations and bottlenecks, and to
enhance the business processes. Process mining techniques exploit event data stored in
today’s information systems to show how people, machines, and organizations are really
behaving. Using event data, process mining provides useful insights that can be utilized to
improve processes of different domains.

There are basically four types of process mining [27]. The first type of process mining
is process discovery. It is considered the most important type of process mining. Process
discovery consists of learning process models from event data by taking only an event log as
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input and producing a process model which shows what people, machines, organizations
are really doing. There are three categories of process discovery perspectives based on the
information available in the event data: the control-flow perspective, the organizational
perspective, and the case perspective. These categories can be used to analyzed processes
from different perspectives. The second type of process mining is conformance checking.
This type consists of checking whether the existing model is in conformance with the
reality which is recorded in the event log. In other words, it checks whether what we think
is happening is conform to what is really happening by identifying commonalities and
differences between the existing process model and the recorded event log [20]. The third
type of process mining is process reengineering. This type also takes an event log and a
process model as input like the conformance checking. Nevertheless, the aim of this type is
to change the existing process model not identifying the differences. The process model
can be changed to better match reality. The fourth type of process mining is operational
support. This type allows people to act at the time the process deviates by providing
predictions (e.g., remaining time), warnings, or recommendations [28].

2.3. Related Work

Van der Aalst [29] defines RPA as an umbrella term for tools that operate on the user
interface of other computer systems in the same way as humans. IEEE Corporate Advisory
Group defines RPA as the use of a “preconfigured software instance that uses business
rules and predefined activity choreography to complete the autonomous execution of
a combination of processes, activities, transactions, and tasks in one or more unrelated
software systems to deliver a result or service with human exception management” [30].

Robotic Process Automation is recently receiving increasing attention from industries
and administrations due to the huge desire to implement digital transformation. There are
three leading RPA vendors: (1) Blue Prism, (2) the most famous UIPath, and (3) Automation
Anywhere. These tools have been demonstrated to be simple and very powerful in cost-
saving and other performances. The main idea is that today’s information systems are
not changed; only the tasks that have been performed by people by interacting with these
systems are automated [14].

RPA is related to Workflow Management (WFM) [31], which has been available for
several decades. However, workflow management was not that attainable since traditional
automation is too expensive. Now Workflow Management might be achievable with
robotic process automation.

Various benefits of implementing RPA have been reported (e.g., [18,32]) as it speeds
up business growth by reducing a lot of manual and repetitive task-based works. How-
ever, the implementation of RPA is encountering some challenges. The main challenge is
to properly determine first the candidate tasks that can be/need to be automated with
RPA [11]. This challenge is not well researched. The identification of candidate tasks for
automation via RPA tools is, so far, a largely unexplored problem [33]. A recent study pro-
posed a methodology to analyze UI logs for the purpose to discover routines for RPA [34].
However, the presented approach focuses only on copying data from a spreadsheet or a
form to another. The discovery of candidate tasks for RPA is related also to the field of a
webform and automatic completion of tables. This latter consists for instance of detecting
patterns from the values present in the cells of a sheet of an Excel file and then automating
the completion of the table based on the detected patterns [35]. However, the focus of
those approaches is tailored only toward partial automation. Another study proposed
a supervised machine learning and natural language processing-based approach to au-
tomatically determine whether a task in a textual process description is a manual task,
a user task where a human user interacts with an information system, or an automated
task [9]. Nevertheless, the study does not identify candidate tasks to be automated. Process
mining has been shown that it can be used to determine work done by people in [27].
Some other recent studies [36–38] show that RPA can benefit from process mining. Process
mining enables process enhancement using event data. The starting of process mining
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is an event log generated from today’s information systems where each event refers to
a task executed either by a person or a machine at a specific time and for a specific case.
Therefore, we proposed a methodology to determine candidate tasks for automation using
process mining techniques and user interface logs generated by recording the interactions
with web and desktop applications.

3. Methodology

Robotic process automation tools can automate a lot of user routines in a business
process. Thus, which user routines in an organization can be favorably automated with
RPA? To answer this question, a class of tools called RPM (Robotic Process Mining Tools)
tools has been envisioned in the work [33]. RPM has been defined as a class of methods
and tools that will be used to analyze data obtained during the execution of user-driven
tasks. The goal of RPM is to support the determination of candidate user processes that
can be automated by RPA robots. In the same context, this section explains the approach
we propose for selecting candidate routines/tasks to be automated with robotic process
automation tools. In the next section, the application of the approach with a use case is
explained. Since RPA is dedicated to automating manual and repetitive tasks operated on
the user interface level, one can record the execution of all tasks and all the interactions
between user interfaces. From the record, a UI log can be generated. The UI log shall contain
user-driven tasks that involve interactions between a user and software applications. This
latter can be used then as input by process mining techniques to discover routines. From
the discovered model, candidate tasks for automation using RPA can be selected. Therefore,
the proposed approach is composed of four steps: user interface (UI) log generation, UI log
transformation into a log supported by process mining techniques, routines discovery with
process mining, and candidate tasks selection based on specific criteria. An overview of
the approach is depicted in Figure 4. Each step is explained in the upcoming subsections.
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3.1. User Interface Log

Generally, the input of process mining techniques is an event log that contains tasks
belonging to a specific business process. Similarly, the input for RPM is a user interface log
that also contains tasks. However, this time, the tasks are user-driven actions that involve
interactions between a human user and software applications. A user interface log represents a
sequence of actions performed in chronological order by a user when interacting with different
applications (e.g., web, desktop, system, application) when performing an administrative task.
We define an example of a user interface log in Table 1. Each row refers to a particular action
and every action is characterized by timestamps, and other information showing where the
action was performed and what objects were involved in performing the action. This work
defines the user interface log such that it contains the following elements: timestamp, action
type, source type, source name, content, field name, and the field value. The timestamp refers
to the time when the action on the user interface was performed. Action type refers to the
actions that have been performed on a user interface. Source type, source name, content, field



Sustainability 2021, 13, 8980 7 of 18

name, and field value are information related to the objects involved in performing the action.
For instance, let us consider the first example.

Table 1. Example of a User Interface log.

Case ID Timestamp Action Type Source Type Source Name Content Field Name Field Value

1 2020-08-20 9:29:10 Open System Folder Orders
1 2020-08-20 9:29:16 Open Excel Order Qty
1 2020-08-20 9:29:18 Go to Cell Sheet Sheet 1 Customer ID
1 2020-08-20 9:29:23 Click Button Sheet Sheet 1 Filter button
1 2020-08-20 9:29:27 Select Cell Sheet Sheet 1 Customer ID Customer A

2 2020-08-20 9:33:27 Enter Web https://www.erp.kor,
accessed on 22 July 2021 Order ID “OR208201”

Example 1. Opening an Excel with the name “Order Qty”.

Open is the action type. Excel is the source type of the object for which the action was
performed and Order Qty is the name of the source, the name of the object for which the
action was performed. Let us consider the second example of a task on a user interface.

Example 2. Clicking on the filter button of sheet 1 of an Excel file.

Click Button would be the action type. Sheet 1 would be the source name. The source
type is an Excel sheet. Clicking a button with the mouse is an action, but there are many
different buttons that can be clicked. To differentiate between them, the type of the clicked
button can be recorded in the content column. Let us look at the third example.

Example 3. Selecting the cell of sheet 1 which contains the value “Customer A” from the Customer
ID column.

Select Cell refers to the action type. The action-type “Select cell” is performed on the
source name Sheet 1. The item or the cell that has been selected is “Customer A” which is
considered as a field value. This value belongs to the Customer ID which is considered a
field Name.

User Interface logs can be obtained using recording tools. Note that the UI event log
recording is not in the scope of the methodology presented in this paper.

3.2. User Interface Log Transformation

In this study, we are concerned only with the control-flow perspective of process
discovery techniques of process mining to discover a process model showing the interaction
of a user with software applications. The control-flow perspective is a category of analysis
that consists of discovering the sequences of tasks in a business process. By analyzing
how activities are following each other in the event data, we can obtain a model showing
the real behavior of the process [39]. The control-flow perspective of process discovery
techniques uses the activity name and the corresponding event timestamps to discover a
process model. Several action types such as open, go to cell, click button, enter are illustrated
in the presented user interface log example (Table 1). If we consider the action type as
a task and discover a process model using process mining techniques based only on the
action type and the corresponding timestamps, we will not get a proper process model
which shows the reality. In Table 1, for example, there are two actions of type “open”. The
first “open” is different from the second “open” action. The first one refers to the opening
of a system folder with the name “Orders” and the second “open” refers to the opening of
an Excel file with the name “Order Qty”. The goal from using process discovery techniques
of process mining for robotic process automation is to get insights not about how many
times the user performed the action “open” or how many times he performed the “copy”
action with the mouse but to get insight on how many times he performed the action

https://www.erp.kor
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“open” on the same folder or file, or how many times he did the “copy” and “paste” of the
same column of the same worksheet or the same section of a web or a system. Therefore, a
transformation of the user event log is needed to obtain the actions name based on which
the discovery techniques will be performed.

This work defines transformation rules for transforming the name of the original
action which is the action type name illustrated in Table 1 into an action name having
sufficient information for discovering the tasks model describing the sequence of actions
performed on a user interface. For this, let:

• TA be the Transformed Action,
• OA be the Original Action (Action Type),
• ST be the Source Type,
• SN be the Source Name,
• C be the Content,
• FN be the Field Name, and
• FV be the Field Value.

The transformation rules are based on the information available in the user event
log that we defined in Table 1. The rules differ based on the action type. We defined a
set of action types and a set of transformation rules in Table 2. For instance, the action
type “open” needs the source type and the source name to know what exactly has been
opened. Thus, the action type which is the original action OA is transformed as follows:
TA = OA + ST + “SN”. The source type and the source name have been attached to the
original action, and it became “open folder system “Orders”” instead of just “open”. This
way, we will be able to identify how many times the task “open folder system “Orders””
has been performed when discovering the tasks model. For instance, the action type “Click
Button” needs the information in the Content section of the UI Event log to know which
button has been clicked. Thus, after using the transformation rule TA = OA + C, the original
action “Click Button” will be “Click Button Filter”.

Table 2. Interface Log Transformation Rules.

Action Category Original Action Transforming Rule

Open Open TA = OA + ST + “SN”

Close Close TA = OA + ST + “SN”

Go To

Go to Sheet TA = OA + ST + “SN”
Go to Cell TA = OA + “FN”
Go To URL TA = OA + “SN”

Go to Messenger TA = OA + “SN”
Go to Column TA = OA + “FN”

Go to chat TA = OA + “SN”

Click
Click Button TA = OA + C

Click field TA = OA + “FN”
Click Item TA = OA + “C”

Select Select TA = OA + FN + “FV”

Copy Copy TA = OA + “FN”

Paste Paste TA = OA + “FN” Value

Enter
Enter FV TA = OA + FN+ “FV”

Enter Message TA = OA
Enter Message TA = OA

Log to Log to TA = OA + “SN”
TA, Transformed Action; OA, Original Action; ST, Source Type; SN, Source Name; C, Content; FN, Field Name;
FV, Field Value.

After applying the transformation rules, the user interface log depicted in Table 1 will
be transformed into the UI log shown in Table 3. The transformed log is composed of case,
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action, and timestamp. Now, the action and all elements involved in performing the action
are gathered in one column named Action or Step.

Table 3. Example of Transformed User Interface log.

Case ID Action Timestamp

1 Open System Folder “Orders” 2020-08-20 9:29:10
1 Open Excel “Order Qty” 2020-08-20 9:29:16
1 Go to Cell Sheet 1 2020-08-20 9:29:18
1 Click Button “Filter Button” 2020-08-20 9:29:23
2 Enter Web https://www.erp.kor, accessed on 22 July 2021 2020-08-20 9:33:27

After transformation, the UI log refers to a case, an action, and a timestamp. It can be
seen as a collection of cases where a case can be seen as a sequence of events.

Definition 1 (Traces). S is the universe of steps or actions. A trace t ∈ S∗ is a sequence of steps.
T = S∗ is the universe of traces. Trace t = < Open system folder, Open Excel Order Qty, Go to cell
sheet 1, Click filter button > ∈ T refers to 4 events that belong to the same case (case 1 in Table 1).
A UI log is a collection of cases. Each case is represented by a trace.

Definition 2 (UI Log). L = B(T ) refers to the universe of UI logs. A UI log Ul∈ L represents a
finite multiset of observed traces. A UI log represents a multiset of traces. For instance, a UI log
Ul = [<Open system folder, Open Excel Order Qty, Go to cell sheet 1, Click filter button >, <Open
URL kerp.com, login, click dashboard, . . . , close URL kerp.com>, <open excel orders, copy column
customer, past column customer, . . . , close excel orders>] represents 3 cases (i.e., |Ul |= 3 ).

3.3. Relevance to Work-Based Filtering

Office employees are performing their work on a computer. However, while using
a computer, one can do other actions on the user interface that are not related to work
too. For instance, sending messages on SNS applications. Thus, irrelevant actions to work
need to be filtered. This can be done by defining first the list of software applications,
systems, and URLs related to work and then performing filtering which removes the cases
containing information on actions performed on user interfaces that are not included in
the list.

3.4. Tasks Discovery from the Transformed UI log

Process discovery techniques allow, specifically, the control-flow perspective, i.e., the
identification of how tasks belonging to a business process are following each other based
on the recorded events, and thus provide as result the process model, which shows the full
behavior and allows us to have a full understanding of the process behavior. Even though
process mining is considered as recent research, there are plenty of process discovery
algorithms that have been developed today which discover the sequential behavior of a
process and have been successfully applied to different domains [26,40,41]. For example,
the αalgorithm [42], the fuzzy miner [43], the heuristic miner [44], the genetic miner [45],
the heuristic rule-based algorithm [46], and others [40,47], etc. All these techniques use
different methodologies to arrive at the same result which is a model that illustrates the
transitions between activities, and they take an event log as input to discover the process
model. An example of a discovered process model is depicted in Figure 5.

https://www.erp.kor
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In this study, we would like to use process discovery algorithms but this time by taking
a user interface log as input to discover the tasks model which shows the sequence and
the transitions between the actions that a user has performed on interfaces of systems and
software applications. The approach of this study consists of applying process discovery
techniques on the transformed user interface log. An example of a transformed UI log is
depicted in Table 3.

3.5. Candidate Tasks Selection Criteria

After applying a process discovery technique on the transformed UI log, one model
will be constructed. This model may contain tremendous cases. For example, (1) performing
many operations in sequence on an excel file such as downloading an excel file, sorting
data, filtering data, copy and paste data, etc., (2) Opening and closing a folder, (3) sending
messages in SNS applications, etc. One model will contain all the actions that were
performed in the user interface. A selection of the relevant and candidate cases needs to
be performed to reduce the number of discovered cases. Based on the candidate routines,
a business manager can decide those are relevant for automation. For this purpose, we
defined three criteria: Frequency, Periodicity, and Duration.

Frequency. The aim of RPA is to automate repetitive routines. Routines refer to the
same tasks that are performed many times. In other words, performing specific tasks
frequently. Using extension techniques of process mining, we can enrich the discovered
model with frequency. By applying the case frequency technique, we can display a model
showing the frequency of each task and the frequency of each transition from one task to
another. Based on this, frequent cases can be selected.

Periodicity. The goal of using periodicity selection criteria is to identify and select pe-
riodic cases. Periodic cases are performed frequently but periodically. They are performed
every time at the same time (i.e., every Friday).

Unattended bots can be applied on periodic cases if they do not need an intervention
of a human. The bots can be scheduled to perform them.

Duration. Identifying cases and tasks that are taking a long time can play a crucial
role in the decision of the routines that need to be automated. Routines that take hours by
an employee can be performed by RPA bots in milliseconds.

To calculate the duration of a discovered task, the duration of all cases referring to the
corresponding task need to be calculated first. Then, the mean duration of the cases related
to each specific task is calculated. We defined the formula for calculating the duration
of a case in Equation (1) and the formula for calculating the mean duration of a task in
Equation (2).

TCase =
n

∑
i=0

tsi + tsisi+1 (1)

TCase: case duration, the time spent to perform a case,
tsi : step duration, the time spent to perform a step,
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tsisi+1 : the waiting time between the previous and the next step.

Mean_Duration(taska) =
1
n

n

∑
i=0

Tctaska
i (2)

taska: a given task,
Tctaska

i : the time spent to perform a case related to a specific task taska
n: the total number of cases referring to taska

4. Results and Discussion

In this section, we present a use case to illustrate the methodology presented in this
study. This section shows how candidate tasks can be selected for automation with RPA.

n User Interface Log Generation and Pre-processing

The starting point of robotic process mining is the preparation of the data. This step
consists of the identification of actions related to the interaction of the user with the user
interfaces and their attributes such as timestamps and case id, etc. To obtain a log, we have
recorded the user interface interaction for 8 days, every day for two hours morning. Then
we generated a user interface log containing the following columns: timestamps, action
type, source type, source name, context, field name, and the field value. After that, we
transformed the UI log into a log supported by process discovery techniques using the
transformation rules presented in Table 2. The transformed UI log contains actions and
their timestamps. Finally, we removed from the transformed log any action containing
applications or URLs related to sending messages and chatting considered not relevant to
work. After finishing the preprocessing of the user interface log, we imported it into the
Disco tool [48] and visualized it. The imported user interface log consists of 50 different
activities, 11 cases with 113 events.

n User Interface interactions discovery

Process discovery techniques take an event log as input and automatically construct
a process model. The main idea behind the process discovery is to find the as-is process
model. This phase aims to discover using process discovery techniques the cases or the
interaction that have been performed in a user interface. In this study, we used the famous
fuzzy miner as an algorithm for the discovery. We applied the fuzzy miner [31] using
the Disco tool [48] on the transformed and filtered UI log. The discovered model of user
interactions with the user interface is illustrated in Figure 6. The cases shown in the
discovered model are highlighted separately in Figures 7 and 8 to see clearly process cases.
The discovered model shows five tasks consisting of a sequence of steps (action) derived.

n Candidate Tasks Selection for RPA

In this section, we assessed the derived model based on three criteria: frequency,
periodicity, and duration for selecting candidate tasks for automation via RPA tools.

n Frequency Based Selection

The numbers, the thickness of transitions, and the coloring in the discovered model
shown in Figure 6 depict how frequently each step (action) and path are executed. The frequency
of actions is shown inside the box representing a step of a task. The frequency of transition
from one action to another is specified on the edge connecting two actions. The darker the
color is the more frequent the action and the transition are. Accordingly, we can see that
Figure 7 shows a frequent case while Figure 8 shows infrequent cases.
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Figure 7 shows one discovered task consisting of a sequence of steps represented with
a darker color. This indicates that those steps are frequently performed. Figure 7 also
shows some steps that are not frequent. If we look at the steps that are not frequent, we see
that they are all executed right after a frequently executed step. By taking a careful look
at the frequently executed steps in Figure 7—which are Go to URL, Click Button Order,
Click Field Order, Click Order Qty, Click Field Total, and at the infrequent tasks which
are “Open Excel 20210405-Order Qty” “Open Excel 20210406-Order Qty”, “Open Excel
20210407-Order Qty”, etc.—we can see that the infrequent steps are the same steps but the
entered value is different. They are performed directly after the same frequent step every
time. Therefore, this case which consists of a sequence of frequently executed steps and of
infrequent steps executed directly after the frequent ones can be classified as a frequently
executed case and can be considered as a routine and can be considered a candidate for
automation. In contrast, Figure 8 shows a discovered task consisting of a sequence of steps
with frequencies equal to 1, which means that the performed task is not usually performed.
Thus, this type of task cannot be considered as a candidate for automation with RPA.

Note. Figures 6–8 are presented in detail in the Supplementary File.
Table 4 depicts the number of events and the frequency of each sequence of steps

discovered in the model shown in Figure 6. We call each sequence of steps a task. The
most frequently executed task is Task #1 with a frequency equal to 6. This was followed by
Task #2 with a frequency equal to 2. The infrequent tasks were Task #3, Task #4, and Task
#5. Their frequency is equal to 1. The most frequent task is Task #1 contains 15 events (i.e.,
15 steps) that are executed 6 times. Since the user interface is recorded for one week from



Sustainability 2021, 13, 8980 14 of 18

5 April 2021 to 12 April 2021 excluding the weekend, and the frequency is equal to 6, we
can conclude that Task #1 is executed every day. Accordingly, Task #1 can be considered
as a candidate for automation with RPA. Task #2 is executed through six steps and was
not executed every day. At the same time, it cannot be considered infrequent because it
was performed twice within eight days. This task needs further investigation which will
be outlined in the next section. Based on frequency, it is clear Task #3, Task #4, and Task#5
cannot be a candidate for automation with RPA. These tasks are performed only once. They
are irregular tasks and irregular tasks are not the target of automation with RPA.

Table 4. Discovered Tasks Frequency.

Tasks Related Cases Number of Events Frequency

Task #1 Case #2, Case #5, Case #6, Case #9, Case #11 14 6

Task #2 Case #3, Case #7, Case #8 6 2

Task #3 Case#1 4 1

Task #4 Case #10 5 1

Task #5 Case #4 7 1

n Periodicity Based Selection

A periodic task is a task that repeats itself after a fixed time interval. Identifying
periodic tasks and their periodicity is very important for identifying how and when to
execute the robot in charge of executing the corresponding tasks. If a task detected to be
a candidate for automation with RPA through “frequency”, is identified to be periodic,
the robot can be configured such that its execution is triggered by scheduling the time of
execution based on the detected periodicity. Table 5 shows the periodicity of the tasks
discovered in the model shown in Figure 6. Task #1 has been detected to be frequent in
the previous section with a frequency equal to 6. This frequency was equal to the number
of days from which the data was obtained. Since it has been executed every day, we
can consider the periodicity parameter of task #1 to be “every day”. The frequency of
performing Task #2 was identified to be equal to two. By investigating the data result, we
found that this task is executed every Monday based on the period of the retrieved data.
The rest of the tasks are not periodic since they were executed only once during the period
of the extracted data. In conclusion, Task #1 and Task #2 can be considered a candidate
for automation with RPA. The execution of Task #2 can be scheduled to be executed every
Monday by an unattended robot in case it does not require human intervention.

Table 5. Discovered Tasks Periodicity.

Table Related Cases Periodic Periodicity

Task #1 Case #2, Case #5, Case #6, Case #9, Case #11 Yes Every day

Task #2 Case #7, Case #8, Case #3 Yes Every Monday
Task #3 Case#1 No -
Task #4 Case #10 No -

Task #5 Case #4 No -

n Duration Based Selection

The Mean duration of tasks can play a primordial role in choosing between candidate
tasks for automation. Automating a frequent task that is taking time to be fulfilled can be
more valuable than automating a task that can be performed in just seconds or minutes.
The aim is to provide much information that can help in deciding between candidate tasks
for automation. For our use case, the duration of all cases has been calculated. After that,
the mean duration has been calculated for each task. Figure 9 depicts the duration of tasks.



Sustainability 2021, 13, 8980 15 of 18

As can be seen, Task #1 takes the longest time. This task has been already detected to be
the most frequent in the previous section. Thus, automating this task can save a lot of time.
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5. Conclusions and Limitations

Robotic process automation (RPA) is a new wave of new digital technologies that
are increasingly capturing the attention of administrations and industries. RPA aims
to automate manual, repetitive, rule-based, and unmotivating activities performed on
a computer. RPA uses software robots to replace specific human administrative tasks.
The goal is to allow human workers to delegate their tedious routine tasks to a software
bot to allow them to focus more on difficult tasks. RPA tools have been demonstrated
as simple and very powerful in cost-saving and other performances. However, to be
able to implement RPA, we need first to effectively identify the tasks that are suitable
for automation before applying RPA. Therefore, this work introduced an approach for
selecting candidate tasks to be automated with RPA. The proposed methodology is based;
using process mining techniques; on discovering tasks consisting of a sequence of steps
performed in a user interface from a UI log generated from recording the performed actions
while interacting with the user interface. This work has shown (1) what information a log
should contain to be able to derive tasks, (2) how the log should be transformed to be ready
to be used by process mining techniques, (3) how we can discover digital administrative
tasks, and how candidate tasks can be selected for automation from the discovered tasks.
As a real use case implementation is required for validation, we will consider real event
data to validate the proposed framework in future work. As research of using process
mining with RPA is so recent, there are some challenges that need to be addressed to be
able to use process mining techniques properly to identify candidate tasks for automation
with RPA. This study outlines some encountered challenges that need to be tackled in
future works.

5.1. Challenge 1: Generating Event Log from Recorded Interactions with the User Interface

An event log is a necessary input for process mining techniques. User interface logs
cannot be generated by today’s existing systems. The only way is to record the interactions
with the user interface and then generate a user interface log. The interaction with a user
interface is based on clicks with the mouse and content entered with the keyboard. For
instance, for us, an action or a step would be opening a google URL. This action is recorded
with mouse clicks and URL content entered with the keyboard. When entering for instance
“google.com” in the URL section of the browser with the keyboard, it is recorded one letter
by letter, and each entered letter is recorded in a separate raw as follows “g”, “o”, “o”,
“g”, “l”, “e”, “.”, “c”, “o”, “m”. Accordingly, we will have 10 data rows created just for
entering “google.com” in the URL section of the browser. An action that we perform in a
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user interface that seems for a person as one action, is in fact performed by several actions
by the system. There is a need to translate or transform the several actions (for the system)
that were recorded into one action for us. This is just one example from many cases. Hence,
one of the main challenges is to identify how to transform the recording of user interface
interaction based on mouse and clicks into a user interface log that can be used by process
mining techniques.

5.2. Challenge 2: Case Identification

In general, an event log refers to a case, an activity, and a timestamp. It can be seen as
a collection of cases where a case can be seen as a sequence of events. To be able to analyze
processes with process mining, there is a need to first identify what the appropriate case
ID is for your process. Table 6 shows an example of an event log generated from an ERP
system to be analyzed with process mining. Each row corresponds to an event. In this
example, the Order number will be the appropriate case ID to discover the corresponding
process model. A case ID usually is unique with which different activities are associated.
The performed tasks that are having the same Order number will be in one case. However,
the situation of a user interface log is different. A user interface log is generated from
recording interactions of a user with user interfaces which are based on clicks with the
mouse and entering with the keyboard. The user interface log is different from the general
event log generated from today’s information systems (e.g., ERP, BPM, etc.). We defined in
Table 1 the data that should be in the log to be able to discover tasks from it using process
mining. When generating a user interface log, we might not have a unique ID with which
many actions or steps performed in a user interface are associated. Therefore, the main
challenge or the main question is how to define or identify an appropriate case ID of a
user interface log. This challenge needs to be addressed in future works to be able to use
process mining for selecting candidate tasks for automation with RPA.

Table 6. Example of an event log generated from ERP system to be analyzed with process mining.

Order Number Task Timestamp User Product Quantity

8801 Register order 21-05-01 9.15 Soukaina Fan78 15
8802 Register Order 21-05-02 9.18 Soukaina Heater100 20
8801 Check Stock 21-05-01 9.25 Younes Fan78 15
8803 Register Order 21-05-05 9.22 Soukaina Frotter05 10
8802 Check Stock 21-05-02 9.30 Younes Heater100 15
8801 Pack Order 21-05-01 10.30 Mohammed Fan78 15
8802 Pack Order 21-05-02 11.10 Mohammed Heater100 20
8801 Ship Order 21-05-01 15.20 Safae Fan78 15

5.3. Challenge 3: Case Duration

A manual office task that is taking a long time can be performed in just a few seconds if
automated with RPA. This will allow saving a lot of time. Hence, calculating the total time
spent in performing a specific case can play a huge role in identifying the office tasks that
need to be automated. In a user interface, any case can be started with opening an object
(e.g., URL, system, etc.) and completed with closing the same object. The duration can be
calculated by calculating the time between opening the object until closing it. However,
one can open an object to start performing a task and finish performing the task without
close the object immediately. In this case, the time calculated from opening the object until
closing it will not reflect the real duration spent in performing the task. The challenge here
is how to calculate the duration of tasks by taking into consideration real-life situations.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/su13168980/s1, Figure 6: User interface interactions discovered with fuzzy miner using
Disco tool, Figure 7: Sequence of Frequent steps, Figure 8: Sequence of Infrequent steps.
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