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The purpose of this bachelor’s thesis was to gain a better understanding of what process
mining is and to get valuable insights into how it can aid process improvement efforts in
software development, and what are the benefits and challenges. The thesis was exe-
cuted as a literature review.

Process mining is a technique where a process model can be discovered, compared, and
enhanced based on a table of data known as the event log. A process model can be
formed from the event log using algorithms known as miners. Process mining uses event
logs to discover processes, test the adequacy of discovery results, compare real-world
events to idealized design, and ultimately improve those processes. Process, organisa-
tion, and case perspectives of process mining try to answer the questions “How?”, “Why?”
and “What?”, respectively.

Software development is defined as a process that starts with the need for new software
and ends with retiring the software from deployment and maintenance. It encompasses
all the activities required to produce software, and it can be characterised as a process
but lacks the managerial element.

The benefits of introducing process mining into software process development are an
objective process model, visibility to process performance, aiding the improvement of
software process development maturity, assessment of deployed practices and under-
standing of organizational structures and interactions. The challenges are data and peo-
ple. Data must be available, of adequate quality and of use. Users must have the exper-
tise to choose methods rational to the situation and structure of data, but they also must
have insight into the analysed process to fully understand and interpret results.
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1 Introduction

1.1 Background

Process mining helps companies to improve processes by reducing redundancies, bring-
ing inefficiencies to light, notifying about deviations, enabling resource efficiency and by

helping them to avoid rework, thus leading to major cost savings (Numminen, 2023)

In 2022, Deloitte surveyed 101 companies to scout the state of process mining in compa-
nies. Majority of the companies felt that the transparency and guiding to process trans-
formation that process mining brings was valuable to them. Other sources of value in-
cluded reductions in throughput time and tangible monetary savings. Vast majority of re-
spondents felt that process mining added value to their business. The result also claims
that there is, to some extent, strong support from the top management. (Deloitte 2023)
Although Deloitte's results might be skewed, because businesses interested in process
mining could be more interested in answering commercial surveys about process mining,
they hint at a somewhat large interest towards the importance and usability of process

mining in industries.

Software development is one of the industries where process mining is constantly being
used to gain the values identified above. However, both process mining and software
development are wide areas and there is a need to explore the main features of both

concepts and to evaluate their connections to each other.

1.2 Research objectives and methods

The purpose of this bachelor’'s thesis is to gain better understanding of what process
mining is and to get valuable insights on how it can be used as a development tool in
software development, and what are the benefits and challenges. The thesis is executed

as a literature review, which aims to provide an answer to the following research question:



RQ: How process mining is applied in software development?

This research question can be divided into the following three sub-questions:

SQ1: What is process mining in general?
SQ2: What is software development as an application field?

SQ3: What are the benefits and challenges of process mining in software development?

1.3 Structure of the thesis

The answers to the research questions are based on existing research. Process mining
is presented in chapter 2 and software development in general terms in chapter 3. Chap-
ter 4 discusses process mining in software development, including benefits and chal-

lenges. Results of the thesis are summarised and discussed in the chapter 5.



2 Process mining

Process mining, sometimes referred as “process discovery” or “workflow mining” uses
event logs to discover processes, compares real-world events to idealized design, and
ultimately improves those processes (Ugon et al. 2018). As an interdisciplinary field, pro-
cess mining fuses data mining and machine learning with process modelling and analysis
(van der Aalst, 2011). The main features of process mining are explained in the following

sub-chapters.
2.1 Different perspectives of process mining

Dustdar et al. (2005) divide process mining into three perspectives:
e process perspective
e organization perspective
e case perspective.

Mining these different perspectives yields answers to different questions. Process, organ-
isation, and case perspectives try to answer the questions “How?”, “Why?” and “What?”,

respectively. (Dustdar et al. 2005)

The process perspective aims to find an adequate characterisation of all possible paths
by focussing on control flow, i.e., the ordering of activities. While modelling process paths,
a process modelling notation is used, such as Petri net or Event-driven Process Chain for

example. (Dustdar et al. 2005)

The organizational perspective is concerned about who are the actors, how are they in-
volved in the organizations’ processes, and what type of relations are there between ac-
tors. Actors can be for example departments, systems, people, or roles. There are two
possible goals for mining the organizational perspective; either try to structure organiza-

tion by classifying people or show the social network. (van der Aalst, Wil et al. 2012)



Whereas process perspective is concerned with how work is done in the organization,
and the organizational perspective aims to know who does the work, the case perspective
focusses on what is done. Thus, in case perspective the aim is to understand how cases
are characterised. In case perspective, the values of different data elements can be used
in the characterisation of cases as well as cases placement in process path or actors

involved in a case. (Dustdar et al. 2005)

In addition to the aforementioned perspectives described by Dustdar et al. (2005), the
Process Mining Manifesto also brings up a fourth perspective: time. While mining the time
perspective, the focus is on the timing and frequency of events. Having time data linked
to corresponding events opens up the possibility to explore and examine process perfor-
mance. For example, resource utilisation, service levels and bottlenecks are process met-
rics that can be looked into, if there exists a coupling between timestamps and events
(van der Aalst, Wil et al. 2012)

2.2 Eventlog

To understand process mining, one must first understand, what is an event log. Event log
is the starting point and requirement for any process mining. Event log is a collection of
events that contains historical records from all instances of the business process. An ex-
ecution of a business process leads to the creation of events. These events are all related
to their respective traces. (Marin-Castro, Tello-Leal 2021) Marin-Castro and Tello-Leal

(2021) have outlined four definitions for an event log:

e Definition 1. Events in the event log are coupled to some case, some activity and
some point in time. Events characteristics are defined by the attributes they pos-

sess (i.e., resource, cost, timestamp)

e Definition 2. It is possible to consider an event logs trace to be a case. Such a
situation could be a sequence of finite nature, where events within it do not appear

more than once.



e Definition 3. A collection of cases makes up an event log. Cases themselves are

formed of events. An event cannot appear more than once in the entire event log.

e Definition 4. Characteristics and behaviour of an organization's business pro-
cesses are contained in an analytical and graphical presentation known as a pro-
cess model. Different graphical methods and notation languages are the most
common representation of a process model. Some examples of such methods are
Petri nets, the flowchart, universal modelling language and business process mod-

elling notation.

For a case, events are represented as traces. In similar fashion to events, cases can also
have attributes. The event log’s structure can be summarized in four elements (Marin-
Castro, Tello-Leal 2021):

e (Cases form the event log.

e Events make up cases. Also, each and every event relates to no more than one

case.
e Within a case, events are organized in an order.

e With events, it is possible that they may possess attributes (i.e., name, time, cost,

or resource).

Marin-Castro and Tello-Leal (2021) also highlighted five issues that affect the quality of

an event log.
¢ Noise/ anomalous data: errors and meaningless data
e Missing data: absence of required information

¢ Irrelevant data: event records can be or contain irrelevant. Though, it is good to
keep in mind that the relevant event data might be yielded by doing transformations

and filtering to the event log.

¢ Duplicate data: The same event has been entered multiple times to the event log,
which can harm the comprehensibility and representability of process models.
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2.3 Types of process mining

Process mining begins with an event log. All process mining techniques assume the pos-
sibility that events can be recorded sequentially in the way that an event always refers to
an activity (i.e., a well-defined step in a process) and is related to a particular case (i.e.,
a process instance). However, it is also possible that the event log stores additional infor-
mation about events. Indeed, if available and usable, the methods used in process mining
aim to exploit any extra dimension available in the event log. (van der Aalst et al., 2012)
For example, if we have access to people doing a activity, timestamps and order size
data, we could analyse, if and how the size of the order or the person handling it affect

the time it takes to perform the activity.

Three types of process mining can be conducted based on event logs, as shown in the
Figure 1. If you only have the event log to start with, you are limited to doing the first type
of process mining, the discovery. Discovery starts from a clean slate and builds a process
model solely by examining previously recorder process executions from the event log. A
process model, for example a Petri net, is the most common output of discovery, but it
can yield results in the case and organizations perspective as well. For example, it is

possible to use process discovery to build a social network. (van der Aalst et al., 2012)

The second type of process mining, conformance checking, cannot be done solely based
on the event log, as it also requires an existing process model. In conformance checking,
the available process model is evaluated against the event log of its respective process
with the goal of finding out, if the used is actually representative of reality as it has been
recorded. It is worth noting that conformance checking can be performed on various types
of models, not all of which are necessarily process models by design. For example, con-
formance checking can be used see how well the process conforms to rules, policies and
the law. (van der Aalst et al., 2012)

The last type of process mining is enhancement that, like conformance checking, takes
a-priori model and an event log as an input. Where the goal of conformance checking is
to evaluate the matching between used model and the target model, enhancement strives

to make the used model better. This can be done in two ways. Either the model is
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extended by including other dimensions of data residing in the event log or the used model
is tweaked. For example, if the model is enhanced with time related data, it can highlight

process metrics such as throughput times or bottle necks. (van der Aalst et al., 2012)

(a) (event log )I::> discovery :D( model )

( event log ):D conformance
( odel ) ::> checking

—> (diagnostics)

(c) enhancement :> (new model)

Figure 8The three basic types of process mining explained in terms of input and output: (a) discovery, (b) conformance
checking, and (c) enhancement (van der Aalst et al., 2012)

2.3.1 Process mining methods discovery

The original algorithm that allowed the user to form Workflow networks based on event
logs is known as the alpha miner. It does this by investigating the event log in the search
for particular patterns and by methodically investigating sequences of events. The order,
by which activities reside in the event log, is analysed, after which a Petri network project
diagram is given as a result. (Gomes et al., 2022) Alpha miner’s strengths are its sim-
plicity and efficiency, but it struggles with complicated routing structures and noise (van
der Aalst, Wil 2012). Furthermore, the alpha miner has deficient capabilities to accentuate
processes’ bottlenecks.(Gomes et al., 2022). In Figure 2, the shortcomings of the alpha

miner become apparent as the poor dealing of noise in data results in a process model
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that starts to resemble a spaghetti diagram. In Figure 2, the alpha miner has visualised
every possible process path, although it is possible that some the paths are not actually

representative of the work performed.

o TS

Figure 9 A process model made by the alpha miner. From Saylam & Sahingoz 2013

Directly Follows Graphs (DFGs) are the most common starting point for process mining
tools to start event data exploration. To enhance clarity and readability, DFGs can be
streamlined by limiting the number of activities and process paths based on the frequency
they occur in the event log. Although this process simplifies the DFGs, they can become
misleading, since misinterpretation of data can cause conclusions unrepresentative of the
underlying event. Additionally, bottleneck information might be misleading, and so-called
invisible gaps could creep into the model, especially after the model has been simplified.
(Gomes et al. , 2022)

Heuristic miners look for both the sequential orders of activities and the varying frequen-
cies of process paths. To accomplish this, these miners have to be able to evaluate pos-
sible process paths based on their frequency. Logical exclusive OR and AND connectors
are used by the heuristic miner to indicate relationships between events. The heuristic

miner outputs a heuristic network that aids in the visualisation of the process and
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predicting the flow. (Gomes et al., 2022) The heuristic miner improves on the shortcom-
ings of the alpha miner by improving the handling of noise and incompleteness of event
data (van der Aalst, Wil 2012). If we compare Figure 3 to Figure 2, we can clearly see
that the heuristic miner is much better at dealing with noise in data, as it can discriminate
between frequent and infrequent process paths. Thus, the process model created by the
heuristic miner is much more concise and easier to read than the process model produced
by the alpha miner. It is worth noting that Saylam & Ozgur (2013) used the same event

log to create both process models in Figure 2 and 3.
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Figure 10 A process model created by a heuristic miner. From Saylam & Ozgur 2013

Inductive miner improves upon alpha and heuristic miners by making it easier to explore
event log. The reliability of the inductive miner stems from its capabilities of handling con-
currency, even in infrequent scenarios, and handling of more copious event logs. In lay-
man’s terms, inductive miner goes through the event log in search of a pattern formed by
events. After the pattern is found, the miner will formulate a base case by looking for that
pattern. (Gomes et al., 2022)

The fuzzy mineris in its element when the process lacks structure and behaviour. It yields
measures that have the greatest accuracy, but as a method, it is truly complex and com-
pletely non-trivial. Yet, it yields metrics from the event log and aggregation for the entire
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process. Thus, it can be used both for creating more coherent visualization and predicting

risks, due to mathematical methods used in the background. (Gomes et al., 2022)

Genetic miners attempt to find the optimal model by mimicking the evolutionary process
(van der Aalst, Wil M. P. 2011). These miners start with the initial population of individuals,
which in the process mining context are process models. Every individual has their quality
indicated by a fithess measure. In process mining, the fitness measure assesses, how
well a given model reproduces the behaviour of in the log. The mimicked evolution pro-
cess continues by selecting the fittest individuals that continue straight to the next gener-
ation. The remaining individuals have to go through tournaments to survive to the next
generation. Higher fitness increases the chances of survival but does not guarantee it.
Surviving individuals continue to the next generation, but they go through genetic opera-
tions such as “crossover” (The next generation individual is created by picking attributes
at random from parent individuals) and “mutation” (random attribute of an individual is
changed at random). When using genetic miners, there are three concerns that should
be addressed. The first concern is the “internal representation”, which gives the algorithm
boundaries for possible solutions, including irrational ones. Secondly, one must be careful
with how they measure the fitness of individuals. A good fithess measure ensures that
the individual with maximal fitness doesn’t result in partial optimization, but does not pick
any unnecessary behaviour, in order to best reflect the reality recorded in the event log.
Lastly, every possible solution allowed by “internal representation” should be reachable
for the algorithm, which is the task of genetic operators. (Alves De Medeiros et al. 2007)
In Figure 4, we can see a visual representation of the genetic mining process. We can
see that the process begins with the creation of initial population, which is followed by
fithess computing, after which the next generation is formed through elitism and tourna-
ments. After the process yields a process model of adequate fitness, the best model is

selected as the result model.
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Figure 11 A visual version of the genetic mining process. From van der Aalst 2011

A review of different miner algorithms and their advantages and disadvantages are given
in Table 1. The key finding from Table 1 is that in general more complex and unclear
process structures tend to require a more complex algorithms in order to be mined cor-
rectly. For example, if we move from a linear sequential process to a process that has
concurrent process paths, we might have to switch from heuristic miner to inductive miner.
In the same way, moving again to a process with unclear process structure and where
the hierarchy between activities is not clearly defined, we might have to upgrade our in-
ductive miner to a fuzzy miner. The genetic miner does stick out of the bunch as it is not
direct upgrade in-character to any of the other miners. Though it has its advantages, as
it can be a simpler solution to using a fuzzy miner to mine a process in complex situations
due to its use of conformance checking in process, which aims to yield results representa-

tive of recorded reality. Still, it is good to remember that it has some volatility in the quality
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of results it yields due to the random element of the process employed by the genetic

miner.

Table 2 Advantages and disadvantages of different miner algorithms

Name of the miner Advantages Disadvantages

Struggles with complexity, noise
in data and highlighting bottle-
necks. No handling of concur-

Alpha miner

Heuristic miner

Inductive miner

Fuzzy miner

Genetic miner

The simplest and the
most efficient

Better handling of noise
and incompleteness of
data compared to alpha
miner

Scalability, concurrency
handling and reliability

Highest probable accu-
racy, yields rational re-
sults in mathematically
fuzzy situations

Can create representa-
tive results even in com-
plex of situations

2.3.2 Conformance checking

With conformance checking techniques, it is possible to compare the observer behaviour

rency.

No handling of concurrency, as
the miner only looks for sequen-

tial orders of activities

Struggles when process struc-
ture and hierarchies of activities

become fuzzy

A highly complex method

Requires carefulness with pa-
rameters, risk of irrational solu-

tions and high run times

of the event log with the modelled behaviour. To elaborate, conformance checking makes

it possible to quantify differences, and judge if they are possible according to the given

process model. Additionally, it is possible to gain diagnostic insight to deviations. For ex-

ample, we can have a process that is modelled to be very linear, but there is a somewhat
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common process variation that iterates some process step for some reason (i.e., chang-
ing customer requirements). (van der Aalst, Wil 2012) Conformance checking can provide

answers to multiple questions:
e |s our process model an accurate enough representation of reality?

e What are the different process variations, and what are the commonalities between

them?
e Where in our process do most of our deviations occur?
e Did our mining techniques yield an adequate process model?

Additionally, conformance checking is a powerful tool for audits, enabling process
discovery methods that rely on evolutionary process and it is pre-requisite for en-
hancing the process model (both discovered and those created by another
means). (van der Aalst, Wil 2012)

Conformance checking has three main methods. The footprint method is the first of three
approaches. Footprint is a matrix that stores process behaviours from either the event log
or the process model. Footprint method requires a footprint matrix from both the event
log and the process model. Comparing the two footprints highlights agreements and dis-
agreements between the log and the model (i.e., ordering relation of two activities). An-
other approach is to run through each trace through the process model. This is a called
a naive replay. With this approach, the fitness is the number of traces that completely
conform to the target model without any failures. The problem is that the naive approach
cannot discriminate between almost fitting and completely unrelated cases, since any
failure between initial and final state is considered failure. A more refined approach is to
introduce so-called borrow tokens that force cases to go through even if problems are
countered. In the end, the number of spent and unspent tokens indicates the fitness level.
Lastly, we can compare how the model aligns with the traces in the event log. To compute
differences in fitness, trace and model are aligned with the minimum possible number of

deviations as to get the optimal alignment (van der Aalst, Wil 2012)
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2.3.3 Enhancement

If the model has a poor fit, it is not yet doomed, if alignment diagnostics and the event log
are available as correction can be made. Furthermore, additional attributes may be avail-
able in the event log (i.e., timestamps, case data or resources). (van der Aalst, Wil 2012)
For example, there might be differences between casually related events, and when these
differences are combined with basic statistics, bottlenecks can be revealed. (van der
Aalst, Wil M. P. 2011) Clustering techniques can be used to identifying process roles, if
the event log contains necessary resource information. Furthermore, combining resource
information with the knowledge of the flow of work can be used in creating social net-
works. Analysing these networks can yield insight about resource performance. Addition-
ally, decision points can be analysed and observed behaviour can be explained by stand-
ard classification techniques and by constructing a decision tree, respectively. (van der
Aalst, 2012)
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3 Software development

In this chapter, the concept of software development is explored on a general level. This
chapter will elaborate on the goals and general phases of software development as well
as the meaning of quality in software engineering process. Due to limitations of this re-
search, software development is only viewed from process perspective, since the focus

of this research is on, how can process mining be utilised in software development.

The end reasons for software development can vary greatly, but when the development
activity is professional, it is referred as software development. (Sommerville 2016). Ac-
cording to Dooley (2011), software development is defined as a process that starts with
gathering requirements from customers and ends with implementing the software to cus-
tomer’s systems. According to Dooley's definition (2011), software development is not
only programming. Although programming is unavoidable part of software development,
it is not the whole thing. At its broadest definition, programming would be the process
from designing the software to making the deliverable software according to those de-
signs. Neither is software development synonymous with software engineering, as soft-
ware engineering expands software development with the entire management side of ac-
tivities that are needed creating a computer program. (Dooley 2011) The relationships of
Dooley’s definition are highlighted in figure 5. In Figure 5, programming is placed within
software development, which in turn is included in software engineering. As this thesis
focuses on process mining applications in software development, it is good to understand
that actual programming and the broader spectrum of management in software engineer-

ing are out of the scope of this thesis. However, it is good to note that in later parts of this
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thesis, some of the subjects covered will reside in the interface between software engi-

neering and software development.

Software engineering

management

Figure 12 A visualisation of Dooley’s (2011) definitions of programming, software development and software engineer-
ing.

Dooley’s definitions for programming, software development and software engineering
could be compared to writing a thesis, thesis project and completing a degree pro-
gramme. Writing a thesis is part of the thesis project, but the thesis project is more com-
prehensive than just writing, as it includes also other research activities. But completing
a degree programme is more than just completing a thesis, as it also includes courses

that aim to build student’s skills and insights in their field.
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3.1 Software development models

According to Garg et al. (2022), it is essential for success of the software project to choose
a relevant software development lifecycle model, SDLC. There are numerous software
development models with different underlying philosophies that have been created to
guide the software development process. For example, Garg et al. (2022) studied the
waterfall model, V-model, iterative model, incremental model, prototyping model, spiral
model, and Rapid Application Development model in their systematic review of plan-
driven SDLC models. However, it is not within the scope of this thesis to dive into the
different SDLCs and their strengths and weaknesses. Thus, a more high-level view of the

software development process is in order.

The software development process consists of many phases in a sequence, and collec-
tions of these sequenced phases are SDLC models. In their example SDLC model, Garg

et al. (2022) defined six phases in a circular sequence:
1. Analysis: Customer needs are analyzed.

2. Design: The software’s structure and functionalities are drafted in order to guide

development.
3. Implementation: The deliverable software is created.
4. Testing: Software is tested in order to guarantee functionality and quality.
5. Deployment: The finished software product is delivered to the customer.

6. Maintenance: Some maintenance work is needed in order to keep the software

working as intended after deployment.

According to Dooley (2011), all SDLC models fall into two categories. They either go
through a full cycle before the start of the next version of the product, or they do a partial
cycle, where they repeat some set of steps multiple times before moving onto release.
The later of Dooley’s (2011) categories is more prevalent these days. Dooley (2011) ar-
gues that no matter the size of the software development project or the team working on

it, all software development projects cover same eight steps:
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1. Conception: In the beginning, there is a problem to solve or aspiration to satisfy.

2. Requirements gathering/ exploration / modelling: Customer need have to be
mapped and translated into technical requirements. Additionally, a rough concept

of the software is created.

3. Design: Software architecture and functions are given shape to guide develop-

ment process.
4. Coding and Debugging: The code is created and cleansed from errors.

5. Testing: The software is tested to guarantee that the whole system works as in-
tended.

6. Release: The software product is ready to be handed to the customer

7. Maintenance/ software evolution: The software continues to evolve as long as

it is used.

8. Retirement: Finally, there comes a time, when the software has served its purpose

and is rolled out of use.

According to Fishpool & Fishpool (2020), every software development project begins with
identification of a problem or aspiration. A new development might be triggered, when the
product is reviewed at the end of the cycle (Fishpool, Fishpool 2020). As seen in Figure
3, Fishpool & Fishpool (2020) highlight eight phases as part of the traditional SDLC.
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Figure 13 Traditional SDLC according to Fishpool & Fishpool (2020)

The eight steps according to Fishpool & Fishpool (2020) are:

1.

2,

o~

Brief: The trigger for software development. Possible triggers are identified prob-
lems, emerging opportunities, aspirations, or some combination of the three.
Feasibility and analysis: Feasibility is a top-level investigation into the brief that
investigates possible solutions to assess the feasibility of the project. Feasible
solutions could be an off-the-shelf solution, a tailored solution or a bespoke solu-
tion, but it is also possible that a development project would not be feasible.
However, if the project is deemed feasible, a complete analysis of the problem
and the existing system will be carried out.

Planning and design: In planning, expected activities and processes are identi-
fied along with the anticipated time frame. In design, the design of a new system
is the result of a complete analysis.

Development: The actual coding needed for the product

Testing: The software is tested throughout and after the development.
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6. Roll-out/ Implementation: If the software passes testing, it can be rolled-out
and implemented to the customer’s business. Customers often need support dur-
ing implementation.

7. Maintenance: The software is supported so that it remains operational, and er-
rors are fixed in prioritised order.

8. Review: when the SDLC nears its end, a review of the product’s successes and
failures as well as the software development process’ successes and failures is
conducted in order to extract lessons to be learned for future projects.

Garg et al. (2022), Dooley (2011), and Fishpool & Fishpool (2020) all share a consensus
on the general life cycle of software development. Although there are some deviations
between their models, the deviations are negligible, as all their models start with a prob-
lem or aspiration, move from designing to development, to testing, to deployment to
maintenance, but Dooley (2011) and Fishpool & Fishpool (2020) also add an end-of-life-
cycle step. However, in this thesis these models are used only to bring attention to differ-
ent phases of software development that are omnipresent. How these phases are organ-
ised in the real process model is left to be derived from event logs with the help of process

mining.

3.2 Capability maturity model integration

Capability maturity model integration (CMMI) has its roots in the early 1980’s when the
subcontractors of the US military suffered from lacking performance. Back then, there
was little uniformity between vendors of software products. This meant that different ven-
dors sometimes performed same work in a vastly different manner. (Chaudhary, Chopra
2016)

By the early1990’s the capability maturity model had its first versions and together with
process maturity framework it was used in evaluating vendor candidates for the US De-
partment of Defence. Maturity in this context refers to organizations approach to improv-
ing their processes continuously. In 2000, the original CMMI model for training and ap-

praisal was released. (Chaudhary, Chopra 2016)
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As the name suggests, the CMMI model can evaluate both capability and maturity of
organization. They are divided into levels, each of which have their own criteria that has
to be met in order for the desired process improvement to be accomplished. As CMMI is
not a process nor a description of one, there criterion are not benchmarks to be met, but
rather practices that must be implemented into organizations work processes.
(Chaudhary, Chopra 2016)

3.2.1 Capability levels in CMMI

Capability levels measure the organization’s ability of incrementally improving a process
area. Capability levels are process area specific. (Chaudhary, Chopra 2016) According
to Chaudhary & Chopra (2016), there are four capability levels in CMMI ranging from 0 to
3. Early in the levels, improvements focus more on creating standardized processes and
being reliant on robust processes instead of skilled individuals. At the later levels focus is

on quantitative goals and continuous proactive management. (Chaudhary, Chopra 2016)

At level 0: incomplete, the Organization lacks capabilities necessary to reaching the goals
of the given process area. At level 1: performed, process area specific goals are met, but
due to efforts of individuals instead of robust processes. At level 2: managed, projects are
in control and their planning and execution is defined by the organization, but processes
are not standard across the organization. However, on a project level the organization is
able to retain existing practices. At level 3: defined, processes have become standard
across the organization and necessary tailoring of processes is done by following organ-
ization’s tailoring guidelines. Process management has become proactive, and the or-
ganization can extract lessons learned from process implementations. Reaching capabil-
ity level 3 is a prerequisite for implementing more advanced process as these process
areas are more complex often utilizing quantitative and statistical tools. (Chaudhary,
Chopra 2016)
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3.2.2 Maturity levels in CMMI

According to Chaudhary & Chopra (2016), there are five maturity levels, ranging from 1
to 5. Similarly to capability levels, early maturity levels aim to gain control of process
outputs and standardizing processes on organizational level. Towards later levels, the

focus moves towards quantitative targets and continuous improvement efforts.

At level 1: initial, processes are not controlled, and successes are not predictable or re-
peatable as success only stems from the capabilities of individuals and not the estab-
lished processes. Organizations that have the maturity level of one struggle to meet
planned budget or schedule. At level 2: managed, processes have a definition from the
organization and the project outputs are in control. Management is still often reactive but
is still aware of project status. At this level, there is enough resilience to not abandon
process even during times of stress, but processes have not yet become standard across
the organization. At level 3: defined, organization’s processes are well understood and
standard across the entirety of organization. Necessary tailoring of processes is done by
abiding strictly to the organization’s tailoring guidelines. Processes have become con-
sistent and well documented, but process performance is not yet predictable. Manage-
ment is no longer reactive, but rather proactive. At level 4: quantitatively managed, quality
and process performance have quantitative objectives both at organizational and at pro-
ject level. Introduction of statistical and quantitative techniques make process perfor-
mance predictable and help achieving business objectives. At level 5: optimizing, process
improvement efforts have become continuous, and business objectives and performance
needs are based on profound knowledge gained from the maturity of quantitative man-
agement within the organization. Organization’s focus is on improving organizational per-
formance, which makes data collection and analysis a necessity more than ever.
(Chaudhary, Chopra 2016)
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4 Process mining in software development

This fourth chapter of this thesis explores some applications of process mining assisting
in improving software development process. The first sub-chapter is about how process
mining can support organization’s efforts to move higher up in CMMI framework. The
purpose of this sub-chapter is to examine, how can process mining support existing im-
provement efforts. The second sub-chapter is about how process mining can aid agile
software development. Finally, the last sub-chapter explores application opportunities in
software development on a more general level, ranging from overview of applications in

the field of software development and mining software repositories.

4.1 Process mining in CMMI development support

To understand, how process mining can help in software process development within
CMMI framework, it is necessary to understand, at least on a conceptual level, how the
appraisal process for CMMI goes. The Standard CMMI Appraisal Method for Process
Improvement (SCAMPI) encompasses the examination of various forms of evidence,
such as interviewing key professionals working on the process, to evaluate, to which ex-
tent the real-life process conforms to its intended design in documentation (Anon.2004).
When the assessment team has gathered the evidence, it is compared against different
facets of the software development process (Samalikova et al. 2014). Thus, the maturity

of the organization executing the software development can be determined.
4.1.1 Using process mining in SCAMPI appraisals

As process mining is a technique capable of gathering data of the objective state of a
process and comparing the resulting state to a documented state, one could see oppor-
tunities to utilize process mining in SCAMPI appraisals. Samalikova et al. (2014) start

from the notion that current ask and derive strategies can be suboptimal for gathering
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process information for CMMI due to the intangibility of software processes. Although,
they admit that for simple and infrequent processes ask and derive strategies are more
adequate. Though, in those cases there is also more tangibility. In a previous case study,
it was proven that process mining can improve on this suboptimality, as it is based on the
actual process data. It was found that organizations tended to lack an objective under-
standing of their processes. Therefore, process mining can guide decision-making and

planning by bringing realism and higher resolution of detail. (Samalikova et al. 2011)

Samalikova et al. (2014) found 13 general practices (GP’s), where process mining could
be used in extracting data. General practices are practices that are applicable to more
than one process area. Based on these GP’s it was empirically proven that process min-
ing was capable of providing process models that could be used in SCAMPI| assessment.
After the process model was formed, they applied conformance checking to assess
whether and to which extent the mined process model matched the designed process
model. The results of the conformance checking proved that people did not follow the
designed process. The peculiar finding from Samalikova et al.’s case study was the
team’s level of denial of discovered deviations. (Samalikova et al. 2014) The denial found
in the case study seems to speak for the usefulness of process mining in the assessment

as merely relying on interviews would result in evidence contradictory to reality.

4.1.2 Process mining accelerated CMMI evaluation for lightweight software devel-

opment models

How is it possible to differentiate between agile software development companies that
focus on making good software and follow best practices from false prophets that use
agility as a marketing gimmick? One of the ways for agile companies to achieve this would
be to conduct a formal CMMI audit, but those can be prohibitively expensive and time
consuming, thus contradicting the goal of focusing on direct customer value (Astromskis
Saulius et al. 2014). The notion in this premise is that increasing quality, or at least proving
its excellence compared to competitors, comes with added costs. One way to solve such

a deadlock would be to find a solution that is able to prove and improve quality without
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reserving too much resources. Astromskis et al. (2014) introduced a tool called
Jidoka4dCMMII. Its purpose is to continuously assess the software development process
without hogging resources or interrupting the development work. As the name suggests,
Jidoka4CMMI is based on the Jidoka principle.

Jidoka as a principle is about production steps that can detect defective outputs without
human assistance (Deuse et al. 2020). In traditional context, process operating under
Jidoka principle would halt the entire production process immediately after a process step
has recognised a defective output. The reason for this is to avoid adding any additional
value to products that are going to end up as defects. (Berk, Toy 2009) Although Jidoka
principle’s roots are in the manufacturing industry, it doesn’t necessarily dictate that it

couldn’t be applied elsewhere.

The Jidoka4dCMMI tool introduced by Astromskis et al. (2014) uses measurement probes
to monitor activities related to software development. The probes automatically log activity
and manage log entries in a messaging queue in order to not interrupt development work

and to not hog computing resources from developers (Astromskis Saulius et al. 2014).

As seen in Figure 7, there are four components to the Jidoka4CMMI tool: the collection
of measurement probes, the data storage, the rules engine, and the notifier. The
Jidoka4CMMI tool’s work process is quite straightforward. Fist the measurement probes
log development activities and send them to the data storage when there’s resources
available from the development work. The rules engine stores software development best
practices, and this where users can store CMMI GPs for example. When process assess-
ment is queued the rules engine performs conformance checking for any violation to best,
or at least agreed, practices. If a process violation has occurred, a warning is sent to the
notifier, which brings the violation to the attention of the user. (Astromskis Saulius et al.
2014)



30

Rules Engine 5 | Warnings Notifier d |

O

|

A Rule

) | .
-~ execution

Data 2 | Measurement Measurements |
Storage i_/) —— probes

Figure 14 The Jidoka4CMMI tool described as component diagram (Astromskis et al. 2014)

The approach taken by Astromskis et al. (2014) allows integrate CMMI practices directly
into software development processes. As the system is capable of assessing the prac-
tices deployed in the process without a human touch, it adheres to the Jidoka principle
(Womack, Jones 2010).

4.2 Process mining in agile software development

4.2.1 What is agile software development?

Agile software development attempts to enhance traditional software development to bet-
ter respond to the rapid change in modern business environment (Hohl et al. 2018). To
keep pace with the velocity in business, the agile way of software development was cre-
ated. Although there are various methods that are used to live by agile philosophy in
software development, there are some common characteristics for all of them. For a soft-
ware development process to be considered agile it has to some extent conform to the

following points. (Holcombe 2008)
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e The process must be able to adapt to changes in scope and requirements.

e Customer needs must be satisfied by delivering systems of high quality.

e The value must be delivered in a cost-effective manner.

e The process must not become overburdened by the amount of bureaucracy.

e The effort demanded from developers must fall within the call of duty.

4.2.2 Applications in agile software development

In their case study, Marques et al. (2018) deployed fuzzy mining algorithm to two projects,
where scrum was used, which is an agile method. They analysed the two processes from
four perspectives. Firstly, from case perspective they found out the percentages for cases
according to their type, the state they were resolved as and their priority. From control-
flow perspective they found out that only the fuzzy miner could yield sufficient results, and
that for both processes the most common, happy, path was the same, and both processes
had a loop of activities. In performance perspective, they analysed the cycle times of
process steps and were able to find bottlenecks. From organizational perspective, they
were able to derive the number of tasks people had worked and who they had interacted
with. (Marques et al. 2018) Although metrics and information were yielded from process
mining, Marques et al. (2018) judged that it is challenging to assess how agile a software
development process is based on events stored in a case-handling system. Additionally,
interpreting process mining results correctly required real-life expertise and insight to the

process at hand. (Marques et al. 2018)

Arias et al. (2018) support the approach of Marques et al. (2018) as they also recognise
performance and organizational perspectives as important avenues of process analysis
besides creating a task-based process model in the discovery face. This was a pleasant
discovery, because using of enhanced models will give more depth to the analysis and

increase its information value.
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4.3 Process mining in developing the software development process

The approach taken in the literature is not driven by the phases of software development,
but topics. The research in the application field is centred around how process mining can
help observe software engineering practices, guide management, yield metrics and de-
velop techniques and design tools. The most mined perspectives are the control-flow and
organizational perspectives. Though, it is worth mentioning that case and performance
perspective have received attention as well. Overall, the field of software development
seems to appreciate the increased profoundness in understanding of processes gained

from mining different perspectives. (Jaqueline Urrea-Contreras et al. 2021)

Poncin & van den Brand (2011) approach applying process mining by using repositories
as event logs. Due to the nature of software repositories, some preprocessing is needed
to explicitly define cases and events. There are many methods for solving the issue for
both, but it is good to remember that different solutions may enable different analyses.
The goal of their study was to showcase FRASR (FRame-work for Analyzing Software
Repositories), which is an prototype application for handling all of the preprocessing for
mining software repositories. FRASR needs some parameters as user input, but it can
automate preprocessing, including explicitly defining cases and events, but also combin-
ing multiple repositories. The output of FRASR is the event log. To test FRASR, they
conducted two case studies. The first case study was about defining developer roles in a
project. According to the case study, more profound insights were attainable, when com-
bining repositories instead of using them separately. The second case study was about
life cycle of bug reports, and the goal was to demonstrate that FRASR opens up the
possibility to utilize advanced process mining techniques. The main result from the study
was that the event log provided by FRASR was minable using a fuzzy miner, and that the
resulting process model was more complex than in the guide for bug reports. (Poncin et
al. 2011)
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4.4 Benefits and challenges of process mining in software development

The main advantage of process mining is its objectivity since it is based on real data.
Secondly, process mining can yield quick results if right data is available in the correct

place. (Saylam, Sahingoz 2013)

Process discovery can be used to gain more profound understanding of process execu-
tion, and thus structure. It is most useful for processes that are yet to be formally mod-
elled, but it is useful at bringing unintended process variation to the attention even if there
is some type of pre-existing process model. The visualised process model helps to com-
municate the process and its state to all relevant stakeholders, which helps in tackling the
problems within the process. Having visibility into the real process and all of its variations

may yield new improvement ideas. (van der Aalst, 2012)

As conformance checking works by comparing a given process model to the recorded
reality within the event log, its main advantages lie in assessing the representativeness
of the given model and evaluation of deviations. Although representativeness can be used
as a measure of to which length the given process model aligns with the event log, it also
has an audit dimension, as in audits we expect that the process follows certain behaviour.
(van der Aalst, 2012) For example, in procurement, we might want to audit the process
due to accounting regulations. Thus, we might want to check if physical deliveries have
matching financial transactions. In such a situation, we could use conformance checking
to check if our order handling is tied to invoice handling in recorded reality. In addition to
representativeness, we could also analyse deviations. With conformance checking, there
is the option to delve deeper into possible commonalities between deviating cases in or-
der to find possible common denominators between them. Additionally, conformance
checking can highlight fragments in the event log that contain deviations. (van der Aalst,
2012) On the contrary to the process discovery, conformance checking is not affected by
methods used to create the given process model, as conformance checking merely com-

pares the model against the event log.

According to van der Aalst (2012) enhancement can contribute to improvement of process

models in two ways. Firstly, enhancement allows the user to tweak and patch up the
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inputted process model in order to enhance its conformance with a target model. More
importantly, enhancement can make the resulting process model more profound, if addi-
tional dimensions of data are available in the event log. With a more profound model, new
insights into process behaviour and performance can unravel. For example, in a produc-
tion process, process mining can bring light to slack time between process steps, if the
process model is adequately enhanced. (van der Aalst, 2012) One of the key advantages
of enhancement is that it allows the user to attempt to make right their possible mistakes

or inadvertent errors made while using the other two process mining methods.

In software development processes, useful tips for improvement and support work maybe
gained through insights into the way of work of developers and the common challenges
they face. Conformance checking has a key role in assessing process executions and

identifying differing and affirming behavioural patterns. (Ardimento et al., 2019)

Process effectiveness can be enhanced through reduction of wasted effort and better
deliverables might be gained through noticing right corrective actions. This can be

achieved by increasing self-awareness of the process performed. (Caldeira et al., 2019)

Use of real data is a double-edged sword, since it is not given that data would be availa-
ble, of adequate quality or of use. Meanwhile, despite the complexity of process mining
as a technique, the documentation is lacking. Also, end-users of process mining might
lack the skills to fully deploy and utilize process mining. (Saylam, Sahingoz 2013) The
process mining manifesto seems to largely agree with the findings of Saylam and
Sahingoz as they also recognize data-related difficulties as a disadvantage. The mani-
festo also recognizes the dynamic nature of processes as a challenge since there is a
chance that the process changes during analysis. Additionally, expertise and develop-
ment are required in the selection process of event logs because increasing the repre-
sentational bias of an event log tends to yield process models of increased quality. Lastly,
the user experience of process mining for the uninitiated might be hindered due to the
complexity of methods deployed and outputs yielded. (van der Aalst et al., 2012) One
solution to enhancing user experience could be hide data-related activities and more thor-
ough method selection behind automations and simpler user interfaces. Though, this

might be easier said than done.
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Van der Aalst’s (2012) points on process discovery’s advantages are fascinating and
seem rational, but at the same the time they all rely on the usage of an adequate miner
algorithm. For example, if there is a procurement process, where approvals are requested
from a group of people instead of a sequential order of people, and it is mined with a
process mining solution reliant on an inductive miner, all of the advantages pointed out
by van der Aalst are lost. This is due to the lack of ability deal to with unclear hierarchies

inherent in inductive mining algorithms.

In cases where the given process model is supposed to be the description that reality
should follow; conformance checking could be incapable of helping. This could happen in
a situation where the given process model describes process behaviour that is impossible
to replicate in reality. In such a case, conformance checking would always flag process

deviations, although the fault actually lies in the inputted process model.

On the other hand, enhancement’s major disadvantage is its reliance on quality data and
the user's understanding of used data. Process mining solutions will compute metrics
regardless of whether the added dimensions of data represent the phenomena the user

expects or not.
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5 Conclusions and discussion

The use and benefits of process mining techniques on software development process
were discussed in this thesis. Process mining has considerable potential of applications
in software development, especially in software development processes. Process mining
was a relatively new method in mid 2010s’ and its growth potential was seen high, both
on a theoretical and practical basis (Keith & Vega, 2016). However, use of process mining
in software development has not become a widespread practice but benefits of its use

can be identified.

Process mining is a new concept, and it can be used in many ways in software develop-
ment process. For example, as seen in the works of Samalikova et al. (2014) and As-
tromskis et al. (2014), process modelling can be used to validate adherence to best prac-
tices and support developing the software development work. Arias et al. (2018) and
Marques et al. (2018) found that process mining can yield valuable process metrics. Alt-
hough Marques et al. (2018) had shortcoming assessing the agile characteristics of their
studied processes. Poncin et al. (2011) developed a prototype application to automate

event log formation from pre-existing software repositories.

However, the opportunities of process mining have not yet been fully utilised in software
development process. The use of process mining has concentrated on process discovery

and conformance checking, leaving the potential of enhanced event logs underutilized.

The main benefits of process mining in software development are transparency, objectiv-
ity, non-invasiveness, and potentially quick yields. However, there are certain challenges
and shortcomings, such as required level of expertise, data availability and quality, which

need to be understood before process mining can be fully utilised.

This thesis was made to answer one main research question and three sub-questions.
The remainder of this chapter will review the research questions by going through the

sub-questions before the main research question.
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SQ1: What is process mining in general?

Process mining is a technique where a process model can be discovered, compared, and
enhanced based on a table of data known as the event log. A process model can be
formed from the event log using algorithms known as miners. Conformance checking can
check if discovery was done correctly or if the analysed process adheres to a given de-
sign. Enhancing means adding new dimensions of data to the event log to gain more
profound knowledge of the process or fixing mistakes made during discovery. Enhancing
is integral if one seeks to explore more advanced perspectives of process mining. Pro-
cess mining can be done in four perspectives: control flow, organizational, case and time.
Process mining can give transparent and objective insight to the process, but it is de-
pendent on availability and quality of data as well as that user has adequate expertise to

utilize the technique.

SQ2: Software development as an application field

Software development is part of software engineering, as seen in Figure 5. It encom-
passes all the activities required to produce software, and it can be characterised as a
process. Software development is not coding as it is more than designing and making a
software product, but it is not software engineering either, because it lacks the managerial
dimension. The thesis further explored the concept of software development through in-
vestigating SDLC’s. Although various SDLC’s exist, they all start from a trigger, are de-

signed, made, tested, maintained and eventually retired.

SQ3: What are the benefits and challenges of process mining in software development?

The expected benefits of introducing process mining into software process development
are visibility to process performance, aiding the development of software process devel-
opment maturity, assessment of deployed practices and understanding of organizational
structures and interactions, as discussed by Samalivoka et al. (2014), Astromskis et al.

(2014), Arias et al. (2018) and Marques et al. (2018). The challenges can be grouped into
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two categories: data and people. On data side, it must be available, of adequate quality
and of use. The people factor boils mainly down to the required expertise. The user must
have adequate expertise to choose methods rational to situation and structure of data,
but they also must have insight into the analysed process in order to fully understand and

interpret results.
RQ: How is process mining applied in software development?

How process mining is applied, depends to some extent on, what is the goal. If the ma-
turity development needs help or the process must fit to pre-defined process model or
practices, conformance checking is an immensely powerful method for getting results.
Should there be a need for process metrics and understanding of the roles of and inter-
actions between individuals working on the process, time and organisational perspectives
can be of use. FRASR is a useful tool if there are pre-existing software repositories and
need for process mining. Despite the case, process discovery is at least an almost una-

voidable step into process mining.

5.1.1 Further research needs

After reviewing the literature, there are several questions to be answered in further re-
search. What are the long-term productivity yields of using process mining to drive soft-
ware development process improvement? It would be interesting to see, what is the long-
term impact of implementing process mining, and how it changes organisations process
improvement efforts. How can process mining techniques be developed to be better at
determining how agile a software development process is? Such research cold perhaps
take two approaches. Either it could seek to append current process mining solutions to
better the analysis of process agility, or it could seek a way to transform data about pro-
cess agility into quantitative form. Could there be a way to detect and include events that
happen offline or away from keyboard, such as meetings? Research into this topic is
probably quite challenging as process mining requires a log of the analysed events. Yet

still, handling of unrecordable and hard to record events could make process mining a
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more holistic tool for process management as it would be left with fewer blind spots in the

process.
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