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Abstract
With a prompt increase in numbers of smartphone users, numbers of mobile applications has been
growing rapidly and the mobile application market is becoming competitive and saturated. To
engage users with the application and to make a product with unique user experience, most of the
application stakeholders adopted a practice of understanding the user through an analysis of their
interaction with the application. Especially, in the case of mobile application, the user application
interaction is collected and analyzed to offer unique and smooth application experience. All the
actions the user performs are recorded to understand the user pattern and user behavior. This
provides valuable insights on the various scope of application, for example, which features the user
used, which features are being unused, what was the most common pattern, what are the least
followed the pattern and so on.
This thesis proposes an approach to use the data obtained from user’s mobile application usage to
make the application experience better in data enabled design research. The approach is described
by focusing on two major research objectives, namely acquisition of the logs and analysis of the
obtained logs to gain insights on the application usage. These research objectives are achieved
in three phases, namely: Data Preprocessing, Log Analysis, and Obtaining Insightful Results.
In Data Preprocessing phase, logged data are first extracted from the data source and is checked
thoroughly to detect prevailed issues. The data cleaning and transformation is performed to shape
the data into the format required for the analysis and resolving the data quality issues. The event
log is then compared to a process model developed based on the functionality of the application
and the application stakeholders’ expectations. Alignment Based Conformance Analysis is used
to compare application usage of users with the application stakeholders’ expectations. Then, to
identify deviation between the event logs and the process model and its cause, Successive Deviation Reduction method was developed. This method uses cost reduction approach to identify
deviations, analyze the deviation, and identify its cause of the occurrence. This method was tested
in two case studies, a mobile application, and its prototype. Finally, from the event logs and its
deviations, various insights on the application usage is obtained.
This Masters thesis work provides methods for analyzing the data to understand the user application usage. Through deviation diagnosis, the application stakeholders can gain various insights
about the user application usage behavior and implement these ideas in application development.
Keywords: application usage, alignment based conformance analysis, process mining, data
analysis, usage pattern, deviation analysis.
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Chapter 1

Introduction
This master thesis is performed as a part of EIT Digital Master School program in the track of
Service Design and Engineering, a joint program between Eindhoven University of Technology,
Netherlands, and University of Trento, Italy. It has been conducted at the Architecture of Information Systems group of the Department of Mathematics and Computer Science at the Eindhoven
University of Technology and Philips Design.

1.1

Thesis Context

In the recent report published in Techcrunch [29], author Sarah Perez reported that the usage of
mobile applications has increased dramatically in the past few years and is growing continuously.
Current studies have shown a global increase in the downloads of applications by 15% and the time
spent in the application by 25% in 2016. Although the users are often lured to a new application,
they seldom become engaged with the application leading many of the applications being abandoned or never even used. The mobile application usage statistics published by Adobe in June
2016 [9] showed 25% of installed applications were never used and 26% of the installed applications
were used for only one time. To retain users with the mobile application, trend of design analysis
is being adopted to get useful insights about the application usability and to provide users with a
better-user experience.
While performing the analysis of design of the mobile applications, tracking user activities
at each step of their application usage helps understand the user’s response to the design of an
application. Generally, design analysis of the mobile application by tracking user activities is done
either in real-time tracking with the help of a camera in the presence of a facilitator (facilitatorled user tests) or through logging the users’ application usage data [7]. Data enabled design is
the design process that aims to collect these user-product interaction experiences continuously
[10]. Continuously changing product-service-systems constantly influence user-product interaction experiences. Moreover, evaluating design based on data obtained from every user-product
interaction experiences enables to better understand their usability. An example of such scenario
can be the case of mobile applications where data is obtained while the users are interacting with
prototypes or more mature mobile the applications. Data enabled design is performed at every
step of application development to understand the user at each step and improve application in
the subsequent steps.
Researchers at People Research Team of Philips Design are following the data enabled design
practice and are taking initiation to understand the users to improve the user experience of mobile
applications developed by Philips Design. The hypothesis of the researchers is that logging the
application usage of the mobile application propositions can extend and improve the team’s way of
working and improve the quality of developed propositions. To realize this hypothesis, facilitatorAnalyzing Application Usage Logs to Understand the Users

1

CHAPTER 1. INTRODUCTION

led user testing was performed in September 2016 on a prototype of the mobile application called
Energia developed at Philips Design. During the facilitator-led testing, 6 test participants were
asked to use the online prototype on the machine of facilitator through their PC. The test was
recorded by capturing the participant’s screen and logging all the interactions that the participants
performed with the prototype. Along with that, a short interview regarding the User Interface
and User Experience (UI/UX) of the prototype was conducted with the test participants. Based
on the feedbacks obtained and a few simple data analysis on the data log of the prototype, fully
functioning Energia mobile application was developed. 15 users were on-boarded to use this
application and the application usage event logs of the users were continually being recorded on a
remote web server. Researchers in Philips Design are interested in performing analysis of design
and they would like to start this practice from Energia mobile application. Thus, the case study
for this master thesis is based on Energia application and its prototype.

1.2

Research Problem

In paper [20], authors Ivory and Hearst stated that analysis of the design of mobile applications
could be difficult because testing users experience occurs in several iterative steps. Considering the
data enabled design research, facilitator-led user testing is more complex to perform, less accurate, time-consuming and unscalable. Besides, using mobile application is different from using any
boxed product which a user learns to use in the first go and give their feedback instantaneously.
It’s a continuous process that depends on factors ranging from the icon in the application to its
host server. The prototyping step is an integral step in the application development and should
be considered carefully. With the help of the prototype, unexpected implementation challenges,
and unanticipated consequences can be forecast [12]. This makes aligning the prototype usability
evaluation process with the application usability evaluation process an important step in the application development.
In addition, data enabled design evaluation process includes people from a diverse background
like Software Developers, Data Scientists, UX Designers, Test Moderators, Behavior Change Researchers and so on. The way Software Developers analyze the evaluation results is completely
different from the way Behavior Change Researchers analyzes the same results. So, the obtained
log data should be analyzed in the way so that the multidisciplinary team behind the application
can understand, further analyze and gain results from the logs. Furthermore, to obtain the event
logs, the developed applications should be set up in a reusable way so that the recorded data can
be translated to application usage based event logs. It enables to try out a new methodology currently under development and later introduced in more detail in this thesis, data enabled design
research. This is a challenging aspect of the data enabled design research.

1.3

Research Questions

The context in Section 1.1 makes it evident that the data obtained from the logs can provide
valuable insights in the way the application is being used by the users. However, the problem
described in Section 1.2 describes the challenges that can be encountered in the process. Despite
the problems, the requirement of the method through which the data obtained from the users can
be used to make the application better cannot be forfeited. Thus, the primary objective of this
thesis is to understand the usability of application-usage data logs for data enabled design research
where the main goal is to analyze the user-application interaction logs making the application
better. Based on the context and the problem, the following two initial research questions have
been formulated:
1. How to obtain logs that can be used in data enabled design research?

2
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User-application interaction data should be analyzed to obtain the user application usage
behavior which can be logged differently than the way it’s required for the analysis purpose.
This is probably because the logs are implemented generically in the application to ensure
the portability of the logging feature or the logging feature has been implemented by external
parties. Hence, this research question focuses on obtaining the logs so it can be used in the
data enabled design research purposes.
2. How to analyze the obtained logs to gain insights into application usage?
After the logs are obtained, a particular way or method should be followed to perform the
analysis of the obtained logs to gain the user application usage behavior. Thus, this research
question can further be divided into two sub-questions which are:
• What are the steps that should be taken to analyze the obtained data logs?
• What insights about the application usage can be obtained from the logs?

1.4

Approach

The main objective of this internship is to understand the user application usage pattern to make
improvements on the application. The user application usage log of an application called Energia
and its prototype developed at People Research Team of Philips Design was provided as the case
study for the experiment. The first task of this thesis is to understand obtained data log and
observe how does this log relate to data enabled design research practice. For this, various stakeholders of Energia application including researchers who wanted to understand the user application
usage, application (and prototype) developers who developed the application (and the prototype),
and the test moderators who are in constant communication with the users are interviewed. This
interview is crucial because it helps picture role of each interviewees in the data enabled design
research.
This thesis proposes an approach to use the data obtained from user’s mobile application usage
data to make the application experience better in data enabled design research. The approach is
described by answering two major research questions on how to obtain the logs and analyze the
obtained logs to gain insights on the application usage. These questions are answered in three
phases which are briefly described below:
Data Preprocessing: In this phase, data log is extracted directly from the data source as
the provided data logs had limited information and flexibility to explore. The data that is logged
when the users use the mobile application are first extracted from the data source, then the data is
checked thoroughly to detect prevailed issues. The data cleaning and transformation is performed
to shape the data into the format required for the analysis, resolve the existing data quality issues
and to scope the research area. After that, event logs which are ready to be analyzed is obtained.
Analysis: After the event log is obtained, this log is compared to a process model developed
based on the functionality of the application and the application stakeholders’ expectations on
the way the application should be used. To compare the log with the process model, Alignment
Based Conformance Analysis is performed. This analysis results in deviations if the log deviates
with the process model. After that, Successive Deviation Reduction Method has been developed
and experimented to identify each deviation and its cause.
Obtaining Insightful Results: Finally, based on the event logs and its deviations, various
insights on the application usage is obtained. Two specific cases were distinguished based on the
possibility of the identification of the cause of deviations. The information about the cause of
deviation does not mean that insightful results were obtained. Both the cases imply interesting
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facts about the user application usage.
In this thesis preprocessing of the data obtained from the application usage of the user, analysis
of the processed data and gaining insightful results from the analysis has been described in detail.

1.5

Structure of Thesis

The necessary concepts to understand data enabled design research, and the tools and technologies
that are used to conduct the analysis are described in Chapter 2. Chapter 3 present the methodologies to extract data logs from various sources and preprocess this data logs to convert it as event
logs. These event logs are aligned with the process model developed based on the application
stakeholders’ expectation and functionality of the application to perform Conformance analysis
in Chapter 4. Chapter 5 illustrates the method to identify the deviation of the user, analyze it,
and find the cause of their occurrence by using cost-based approach. Furthermore, Chapter 6
illustrates the insights and knowledge that are obtained while analyzing the deviations discovered
in Chapter 5. Finally, Chapter 7 presents the conclusion of the thesis and the future works that
can be carried out as an extension of this thesis.

4
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Chapter 2

Preliminaries
This chapter consists of brief introduction of the key concepts, methodologies, tools and technologies that are used in this thesis work.

2.1

Data Enabled Design Research

People Research Team in Philips Design is primarily focused on making the user-product experience better by using Data Enabled Design Research approach. In this approach, the data of users
using the product is collected and analyzed to improve the user-product experience [10]. Developing the product-service-system is an iterative process being conducted by a multidisciplinary team
[10]. Currently, people applying the data enabled design research approach in People Research
Team are mainly interested in learning more about mobile applications’ usage. The main objective
of data enabled design research is to check if the researchers hypothesis is closer to the reality to
gain insight on the users behavior of using the application through their data. In data enabled

Figure 2.1: Data Enabled Design Research Overview
design research, first a high-fidelity prototype is developed based on researcher’s hypothesis. Then,
facilitator-led user test is conducted in the prototype. The test users perform the prototype test
on the facilitator’s machine over the Internet. In other words, the facilitator and the user are
in two different locations while performing the prototype test. Data of all the activities that the
user performs in the facilitator’s machine are logged for further analysis. The prototype tests are
Analyzing Application Usage Logs to Understand the Users
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usually controlled as test moderators are observing the users, the users know that the video of
their screens is being recorded and they are asked to perform defined tasks. After completion of
the prototype test, the test moderator interviews the user regarding the User Interface (UI) and
User Experience (UX) of the prototype. The type of subjective data collected during interview is
shown in Appendix A.1.
Based on the interviews and some simple analysis of the data logs of the prototype, a fully
functioning mobile application is developed. The test users are asked to install this application on
their mobile phones and use it at their time of convenience. The users of the application are free
to use the application in any way that they want and from any location that they want. All the
events that are performed by the users in the mobile application are logged in a remote server to
perform further analysis to make the application usage experience better. The overall process of
data enabled design research is shown in Figure 2.1.
To perform data enabled design research, various stakeholders with diverse expertise are involved. The main stakeholders in data enabled design research are described below:
• Researchers
Researchers in data enabled design are the people who have an idea or hypothesis that they
want to verify. Based on the hypothesis, they design the prototype or an application which
they want to test. After that, the researchers ask the developers to develop the prototype or
application that they designed to test among the users. The main objective of researchers is
to understand the application usage from the event logs obtained from the applications or
the prototype. So, they are responsible for specifying the data that should be logged for an
application or the prototype. The researchers involved in data enabled design approach are
the behavior change researchers, people researchers, and test moderators.
• Application and Prototype Developers
Application and Prototype Developers are the people who develop the application or the
prototype from the design of the researchers and their requirements. Their main goal is
to develop an application and implement the application data logs in a generic way by
following the best programming practices in the organization. These developers can be inhouse, developers working on the same research project or external, developers working in a
different department or even different organization.
• Users
Users are the actual subject of research ot the study, in other words, the users act as the
data generators in the design research. They use the application or the prototype developed
by the developers and the data generated during the application usage are logged. The
way they use the application or the prototype depend on the context. For example, usually
when they are using prototypes during a facilitator-led user test, they are asked to perform
specific tasks but while using the mobile application, they can use in any way that they
want. Nevertheless, they have less idea on the underlying details about the research.

2.2

Literature Study - Data Processing

To perform analysis on data, first, data should be extracted. After that, data should be transformed into the form that can be analyzed and finally loaded on the platform from where it can
be accessed by the analysts. These processes of performing data processing are briefly described
below [38]:
• Extraction
In data extraction, firstly the data source of the data that are the subject of analysis should
be identified and obtained from these data sources. While obtaining the data from the data
sources, factors like the overhead during the extraction of data should be considered. While
6
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extracting the data, it should not have a negative impact on the data source. For example,
it should not slow down the other processes of the data source. Another factor that should
be considered while extracting the data is a change in software of data source. The data
extraction methods should not have interference in the main task of the software of the data
source.
• Transformation
The data that is obtained from the data source may not be ready-to-use right after data extraction as it can have sevveral data quality issues. For example, the data can have problems
like naming conflicts, structural conflicts, redundancy, inconsistencies, schema mismatch and
so on. Thus, these problems should be addressed before the use of data for analysis because
performing the analysis in unclean data can result in false outcomes. Hence, the data should
be processed so that it yields meaningful and truthful analysis.
• Loading
After performing data transformation, it should be made available for the people who are
performing the analysis. Therefore, the extracted data should be loaded into a central
database from where it is assessable for further analysis. The data can be loaded in the local
database, enterprise storage or on the remote server.
The literature survey on the method of data extraction, quality issues of the extracted data
and the transformation used in this thesis is described briefly in Chapter 3.

2.3

Literature Study - Process Mining

Process mining [33] is a process centric technique that extracts knowledge from event logs discover,
monitor and improve real processes by identifying bottlenecks, analyzing source and point of
deviations etc [34]. Process mining is an emerging field of sub discipline that combines machine
learning, data mining, process modeling, and analysis to provide a comprehensive analysis of
business process models by centering on end-to-end real life processes [33] [34]. It tries to include
various process discovery algorithms and conformance checking methods to discover, present, and
perform a diagnosis of business process models that are impossible through traditional data mining
techniques, including regression, classification. In principle, it bridges the gap between the processoriented nature of BPM and the data-oriented nature of machine learning/data mining [3] [33]
[34]. Extracting event logs from data sources (e.g., databases, transaction logs, audit trails, etc.)
is the starting point while performing process mining. Process mining assumes the event log is
already at hand and each event refers to a case where a case can be considered a trace/sequence
of events, an activity, and a point in time. As shown in Figure 2.2, event logs can be used to
conduct three types of process mining techniques: discovery, conformance, and enhancement [33].
In this section three types of process mining techniques are briefly described.
Process Discovery
One type of process mining technique is Process Discovery. A process discovery technique takes
an event log as an input and produces a process model (e.g., a Petri net, BPMN, EPC, or UML
activity diagram) without using any a-prior information [34]. Typically, the focus of process
discovery techniques in on the control-flow aspect of a process. The main interest is to find way
of execution of the activities within the process. The main goal of process discovery is to extract
and present descriptive models without under-fitting (or over-fitting) event logs.
Conformance
The second type of process mining technique is Conformance Analysis where event logs are compared with an existing process model describing the same process that generated the logs [2]. The
output of conformance checking is diagnostic information showing discrepancies and commonalities
Analyzing Application Usage Logs to Understand the Users
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Figure 2.2: Type of process mining [32].

between observed behavior and the modeled behavior [2]. In process mining, conformance checking is an important step because actual execution deviates from the prescriptions of theoretical
models most of the time. Conformance checking is used to find deviations and give information
about the asperity of deviations [33].
Enhancements The third type of process mining is enhancement which aims to change or extend a-priori model. Process enhancement technique helps to improve discovered process models
by utilizing the information stored in event logs [2]. Various types of enhancement can be performed among such repairing a process model to better reflect reality and extension of process
models with information extracted from event logs. Given a Petri net and an event log, repair
aims to improve a model to express reality by adding extra transitions to the original Petri net
and extension aims to add new mindset to an existing model [33].
The literature survey on event logs, its key attributes and process model which are the essentials
of processs mining are described briefly in Chapter 3 and Chapter 4. Also, the literature survey
on Alignment Based Conformance Analysis which is used in this thesis to perform conformance
analysis is described briefly in Chapter 4.

2.4

Tools Used

The tool used for conventional Business Intelligence (BI), data mining and machine learning can’t
accurately analyze event data and enhance processes. To bridge the gap between the technical
aspects of data mining and real life process, Business Process Model and Notation (BPMN) is
used. Academic and research based tool like ProM1 and dedicated commercial process mining
tools are also developed and released by vendors [34] to transform event data into actionable
process-related insights. Examples of such commercial tool include: Celonis Process Mining by
Celonis GmbH, Disco by Fluxicon, Interstage Business Process Manager Analytics by Fujitsu
Ltd2 , Minit by Gradient ECM3 , myInvenio by Cognitive Technology4 , Perceptive Process Mining
1 www.promtools.org
2 www.fujitsu.com
3 www.minitlabs.com
4 www.my-invenio.com
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by Lexmark [34] etc. In the following sections, the process mining tools used in this thesis is briefly
elaborated.

2.4.1

BPMN and Signavio

Business Process Model and Notation (BPMN) is a standard for Business Process Modeling that
provides intuitive graphical notation like a flowchart for specifying business processes in a Business
Process Diagram (BPD) yet able to describe complex process semantics. BPMN is based on a
flowcharting technique like activity diagrams from Unified Modeling Language (UML) [31]. The
primary objective of BPMN is to bridge a communication gap between the various departments
within an enterprise by modeling processes in a unified and standardized [42]. BPMN is globally
accepted process modeling standard independent of any process modeling methodology. BPMN
emphasizes more into control-flow of the business process. BPMN possess tailored constructs like
event, activity, gateways, sequence flow and much more to represent the process in the form of
model [14]. An event refers to either the start of the process, the occurrence of intermediate
process or the end of the process. An activity refers to the task performed to accomplish the
process. Sequence flow represents the order of flow of the process. An arrow represents sequence
flow thus, the source activity is the activity where the arrow originates and the target activity is
the activity the arrow points. Gateways are used to represent divergence and convergence of the
process flow based on the decision or choice made while executing the process [14]. Some of the
most common gateways that are used in BPMN are: Exclusive OR (XOR) gateway represents
a condition where only one selection can be made among the available choices in the process.
Inclusive OR (OR) gateway represents a condition where more than one selection can be made in
the available choices. Parallel (AND) gateway represents concurrency in the process. This means
that all the activities that are branched out from AND gateway should be executed to accomplish
the process. The general representation of the basic constructs of BPMN is shown in Figure 2.3.
BPMN diagram describes a process in a simple fashion that can be understood even by people

Figure 2.3: Representations of commonly used BPMN constructs.
from a non-technical background. This helps in communicating the process among various domain
experts who are involved in the overall process. This helps in bridging the gap between the domain
experts who are involved in the process and the technical people who implement the process.
BPMN can be modeled using various modeling tools. Signavio5 is one of the popular modeling
5 https://www.signavio.com/
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tools which provides a collaborative and accessible approach for modeling BPMN. Signavio is
a vendor of Business Process Management (BPM) software that enables the creation of process
diagrams using Business Process Model and Notation (BPMN) and is available as Software as
a Service (SaaS) and also for on-premise installation. In addition, Signavio has special support
for education as well as for operational compliance. Signavio makes it easy to model complex
business process in simple notations which capture, connects, and communicates how work is
done and where decisions are made. In fact, Signavio also promotes working in a team and helps
the team in focusing on value added activities. When people from different backgrounds are
involved in designing a process, BPMN is used as an online tool for team collaboration.

2.4.2

Petri nets and ProM

Petri nets are executable process modeling language to model concurrent systems that are supported by many analysis techniques while providing a clear graphical notation [3]. Invented in
1962 by C.A. Petri, Petri net is a basic model of parallel and distributed systems. Petri nets are
graphical as well as a mathematical model which represents control flow of a process. Petri nets
provide the flexibility of using mathematical equations that have influence over the process [26].
The basic idea in Petri net is to describe state changes in a system with transitions. Petri net is a
directed bipartite graph which consists of places which are represented by a circle, and transitions
which are represented by rectangle connected by directed arcs which show dependencies between
the places and transitions. Places may contain tokens that move to other places by executing
(“firing”). A transition has to be enabled for firing which is when all its input places contain at
least one token. Firing refers to the process when a transition consumes token from each input
places and produces token in each output places [35]. Transition symbolizes actions and places
symbolize states or conditions that need to be met before an action can be carried out. The main
advantage of using Petri net is that it provides the foundation for process modeling. Thus it easier
to perform analysis in the process models. For example, Petri net is supported in many process
analysis tools like ProM.
ProM is an open-source, independent process mining framework supporting analyses such as
process discovery, conformance checking, social network analysis, organizational mining, clustering,
decision mining, prediction, and recommendation [34]. This tool is a project of the Process Mining
Group at TU/e. ProM is available for Windows, Mac OS X and Unix platforms which enable
process miners using diverse operating systems to use this tool. In addition, ProM has a lot
of plug-ins that can be applied to perform various process mining operations and analysis. In
fact, ready to use plugins of various process mining algorithms [39] are readily available in ProM.
Furthermore, ProM maintains an active community6 of contributors and users that provide a
platform for new users to interact with domain experts in case of need. A brief introduction on
shortest path finding algorithm (A∗ Algorithm) which is implemented in one of the plug-in in
ProM (Replay a Log on Petri net for Conformance Analysis) is provided below:
A∗ Algorithm: There are various algorithms to find the shortest distance from the source to
different target nodes for different distance function for a given graph. A∗ algorithm is one of the
efficient approaches to compute such shortest distance from the source node to a target node in
a graph. A∗ algorithm works in a breadth-first search manner while using an estimation function
to prune paths that can’t lead to solutions. A∗ works by visiting a node in the graph and search
its immediate successors iteratively until the visited node is a target node [3].
XES: To perform analysis in ProM, the event logs should be converted into XES (eXtensible
Event Stream)7 format. XES is the standard format for process mining supported by most process
6 http://www.win.tue.nl/promforum/
7 http://www.xes-standard.org/
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mining tools. XES was adopted in 2010 by the IEEE Task Force on Process Mining as the standard format for logging events. XES format is new event log standard for ProM 6 (with backward
compatibility with MXML used in ProM 5). XES standard outlines syntax for tag-based language
which provides an extensible method for recording activities in event logs. XES file consists of one
log with many traces and each trace represents a list of sequential events which belongs to a case.
There can be many attributes for the log, traces, and events [33].
While performing and implementing the process mining techniques to conduct experiments in
the case study, using the existing tools provides the flexibility to gain more background information
about the current process. In addition, using the existing tools and technologies also makes it easy
to implement the new solution so that the prospective users can easily use the new solution. In
the following section, the tools used in the case study of this thesis is discussed briefly.

2.4.3

NodeJS

Node.js8 is an open-source asynchronous oriented JavaScript runtime environment, i.e. the infrastructure to build and run software applications in JavaScript. Node.js is a cross-platform
JavaScript built on Chrome’s V8 JavaScript engine for executing JavaScript code server-side.
Node server can serve many clients concurrently and can run multiple process instances [32]. In
addition, Node.js has a lot of plug-ins and a dedicated package manager called NPM9 which promotes in fast development. In fact, Node.js processing is faster which makes it best suited for real
time applications. Node.js also supports the Model View Controller (MVC) architecture which
makes it easy for many developers to collaborate and make the code modular and reusable.

2.4.4

MySQL
10

MySQL is a popular Open Source SQL database management system developed and distributed
by Oracle Corporation. Databases run the back-end of almost every business and corporation.
MySQL is a powerful database management system that provides an implementation of a SQL
database well suited for large organizations. MySQL is fast and can run easily on all the platforms
be it a laptop or cloud server with any type of operating system like Windows, Mac OS X,
Linux. High up time, simple to use, scalability, and compatibility with all the major programming
language makes MySQL reliable database management system. In addition, MySQL is robust and
gives high performance. Above all, MySQL is secured yet cost effective. Fast growing companies
like Facebook, Google, Twitter, Adobe, WordPress, and much more use MySQL.

8 https://nodejs.org/en/
9 https://www.npmjs.com/
10 https://www.mysql.com/
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Chapter 3

Data Extraction and
Preprocessing
Log data recorded during application usage provides important information on the application
usage behavior of the users with the possibility to drill into particular events or actions to uncover
performance issues and usage trends. Research has shown that the companies which follow the
data-driven decision-making practices are 5% more productive and 6% more profitable than their
competitors [13]. Understanding the users by analyzing the data extracted from their application
usage belongs to a data-driven decision. In such cases, users’ application usage data is used to
revamp the user experience. Thus, data enabled design research involves data-driven decision
making. The application usage data of a user are rarely in ready-to-use form to conduct the
process analysis. Thus, the data should first be extracted, after that data should be cleaned and
then transformed to yield reliable analysis results. This chapter mainly focuses on obtaining the
data from different sources and carrying out various operations to prepare this data for analysis
so that the application stakeholders can gain valuable insight from the data.

3.1

Data Source and Data Extraction

A data source is a point or location from where data is extracted. Depending upon the application,
the location of the data source can vary, for instance, CSV file, local storage, enterprise storage,
cloud storage, handwritten logs and much more.
In the case study of the prototype of the Energia application, the test was carried on a low
scale with six users using the prototype and one user at a time. These users were requested to
perform a set of predefined tasks in sequential order so that expected velocity and volume of data
were low. The user application logs were recorded only once while testing the prototype. These
logs were recorded on a local device of an in-house developer involved in prototype development
and testing. The data was saved in column-oriented data sources format in the local storage.
Column-oriented data source consists of data with attribute values belonging to the same column
stored contiguously [19]. After all the user tests were completed, prototype test data was obtained
in CSV format by querying the local database. The CSV File is the only data source because the
data of the prototype usage was removed from the local device shortly after the test was completed.
However, the application usage event logs for Energia Application were obtained from a different data source. Fifteen users were on-boarded to use this application anytime, anywhere, and
in any way, they want. The data volume and velocity was excepted to be in large. Moreover,
an external developer developed the Energia application and consequently, any direct extract to
the data source was unavailable to the members of People Research Team. Nevertheless, the data
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was recorded in Amazon Simple Storage Service (Amazon S3)1 where the developers of People
Research Team could extract from. Amazon S3 is an object storage web service which assigns a
unique key used for retrieval of data from anywhere on the web hence, it stores data in key-based
data source. Key-based data source consists of data which are stored as key and value pair [19].
The application usage data of Energia application users between the months of January to April
2017 was extracted from Amazon S3 buckets for the case study. To obtain the data, a NodeJS
script was written. The main reason for using NodeJS is to make it reusable and adaptive to the
existing services in People Research Team of Philips Design as most of the applications in this team
are using this technology. This script sends a request in Amazon S3 buckets and consequently, a
huge chunk of data is obtained in JSON format.

3.2

Data Description

The data that is extracted from the data sources can be organized in different forms some of which
are briefly described below:
• Structured: Structured data refers to the data that are represented in a form of schema or
a specific type [6]. The example of structured data are the data which are represented in
tabular form, for example, SQL database, Excel Files, CSV.
• Semi-structured: Semi-structure data are the data that are neither arranged in tabular
format like in conventional database system nor are raw data like texts. In fact, it possesses
a complex rule based on which it can be structured [19]. Examples of semi-structured data
are JSON and XML formats.
• Unstructured: Unstructured data are the data that raw data which do not have any defined
formats [19]. The examples of unstructured data are text data, videos, social media contents.
In the case of Energia application prototype, the data was obtained in CSV File format. The
extracted data was highly structured and was arranged in a tabular form. Each row of the data
represented an event performed by the user in the prototype. The detail description of each
column and the values that they possess are described in Appendix A.2. However, in the case of
Energia application, the data extracted from Amazon S3 bucket was obtained in JSON format as
semi-structured data. The extracted data consisted of name and value pair. The detail on the
name and value pair of the data is illustrated in Appendix A.3.
From the received semi-structured data, a logical relationship of the data elements was drawn
to get a clear understanding of each data elements and their relationships. This logical schema
between each data element is shown in Figure 3.1. The data extracted should comply to this
schema , otherwise it will be incorrect data. The data extracted consists detailed information
about the application usage of the user. All the data obtained was generated by the users who
can be uniquely distinguished from two main attributes: userId and hashedEmail. The users were
using an application with attributes that described the application identification, its location, its
identification in Amazon S3, its running environment, and its version. A user can use many versions
of Energia application and every Energia application can have many users, thus the relationship
between User and Application is many too many relationships. Each time user starts using the
application, a session is created. Each session is uniquely identified by a session id. Thus, a session
can have a single user running a single application. However, a user and an application can have
multiple sessions. A session, in turn, is composed of one to multiple events. Each event comprises
a set of attributes that describe the occurrence of the event. Furthermore, each event is also
comprised of payload which provides information on various facts and parameters of the events.
For example, payload consists of information regarding the parameters obtained while executing
an event, a route taken while executing an event, a selection made while executing an event and
1 https://aws.amazon.com/s3/
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so on. Basic information of the user device, for example, the manufacturer of the mobile device, a
model of the device, local, and platform were also obtained in the data. A user possesses multiple
devices. In this thesis, the details of application with respect to Amazon S3 and devices and its
attributes are not considered in the analysis purpose because the focus of this thesis is more on
analyzing user application usage pattern. The technical detail of application is not an immediate
area of interest of researchers in People Research Team of Philips Design. The main area of focus
in this thesis is the relationship between User, Session, Event, and the environment where the
application is deployed. The version of the application was considered unimportant because the
application features and the user interface was unchanged in different versions during the time
where the dataset had been obtained.

Figure 3.1: Logical Schema of Energia Application Logs

3.3

Data Quality Issues

The data obtained from logs cannot always be used for further processing right after the collection
of data as the completeness and accuracy of the data cannot always be guaranteed [28]. Some
data quality issues observed in the obtained logs are listed below [33][35]:
Missing Data refers to the dataset where values in the data are either missing or incomplete.
This occurs mainly when the attributes in the data are either unrecorded or failed to record. In
the case study of Energia application prototype, all the information was present. However, in the
case of Energia application, there were significant NULL and missing values in the dataset. The
absence of some values was anticipated and logical; for example in some cases, the data value of
currentScene, was NULL. And this is fine as the information on the currentScene was provided in
another attribute called event type. Although the value in attribute currentScene was NULL, attribute event type provided information regarding the attribute currentScene as well. For example
event type App Tour Page Changed had currentScene NULL. Here the information in event type
clearly states currentScene is tour page of the application. Thus, here, it is okay if the value in
currentScene is NULL. Thus, if the data is missing in one attribute but the relevant information
is present in another attribute, it is still okay because there is data. But at times important
attributes like UserId, the unique identifier of each user, HashedEmail, another unique identifier
14
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of each user were also missing. In this case, data cleaning was performed to scope the analysis
dimension. The data cleaning approach used is described in detail in Section 3.4.1.
The data values that represent outliers, errors or irrelevant data can be classified as Noisy
Data. During the Energia application prototype testing, the test moderators were asking the test
participants if they were satisfied with the current version of UI (User Interface) or they would
prefer other forms of UI for a particular screen. They were also showing new screens, performing
demos to the test participant. All these events were recorded in the event logs but these events
are totally irrelevant to analyze user application usage pattern because these are not performed
by the users. Only the data that captures the interaction of the user with the prototype or the
application is the subject of interest. Thus, this data quality issue was resolved by performing data
cleaning described in Section 3.4.1. In the case of Energia application, the noise was of a different
kind. Usually, in all live applications, there are various deployment environments to deploy and
execute the application. The number of deployment environments and their type depends on the
application. In general, there are four major deployment environments, Development, Testing,
Staging, and Live. In the log obtained, there were data from all these environments. However,
the actual users of the application were using the application on only in Staging and Live environments. This does not give the actual information on the user application usage because this
also gave information about the application usage during the application development and testing.
The data not generated by the user does not give information about the user behavior thus; these
data are completely irrelevant to analyze the user behavior. Hence, to remove all such outliers’
data cleaning was performed which is described in Section 3.4.1.
Incorrect Data refers to the values incorrectly recorded. For example, in the case of Energia
application, an unusual case of one session with multiple HashedEmail was being observed. If we
observe the logical schema between the data elements in Figure 3.1, it is shown that one user can
have multiple sessions but one session cannot have multiple users. The data where one session
consisted of multiple hashed emails contradicted to the cardinality constrains for the relationship
between session and user in logical schema. Thus, this anomaly can be categorized as incorrect
data. This is a tricky data anomaly as the sessions are created by Amazon and this anomaly was
observed in both Live and Staging environments. Here, the incorrect data has been scoped out of
analysis by performing data cleaning described in detail in Section 3.4.1.
Imprecise Data refers to the values that are recorded but are too abstract to understand
and hard to infer. For example in the case of both Energia application and its prototype, the
timestamp was recorded in the format DD/MM/YYYY HH:MM:SS. Studies have shown that in
mobile devices, the response time of user can range from 20 to 200 milliseconds depending upon
the device [8]. Besides, the response time also depends on the user as the users may perform the
activities slower than the range of 20 to 200 milliseconds. Nevertheless, this means a user can
perform, many activities even in one second. In the case of the prototype of Energia application,
there wasn’t any problem regarding the timestamp. This is because of the fact that the users
of the prototype were constantly answering the question of the test moderators and were taking
their time to perform action throughout the test, they were interacting with the test moderators. However, in the case of Energia application, the event that had the same timestamp were
arranged in ascending order of their event name. This disrupted the sequence of occurrence of
events. Hence, it is always reliable to have timestamps in DD/MM/YYYY HH:mm:ss:SSS (with
millisecond) format. Hence, this change in the data has been made in data transformation step
described in detail in Section 3.4.2.
Furthermore, in the case of Energia application prototype, the events in the logs were usually
recorded in one word in an incomprehensible way. The list of such ambiguous event name is listed
in Initial Event column of Table 3.1. Since this event name provides information only about type of
event, this data is imprecise. Accordingly, the events in Energia application logs were also recorded
imprecisely. Some event names gave clear information about the event but most of these events
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name gave information only about the occurrence of the event without the context of the event
which was hard to analyze. For example, the event name User opened the application from menu
gave clear information on the action and the context of the action of the user. However, the event
name like “open” was unable to give clear information on what the user opened. It can be observed
that these events types give imprecise information about the event that the user performed. To
solve this issue, data transformation approach was implemented described in detail in Section 3.4.2.
The data value that consists discrepancies or records same thing in different ways is called
inconsistent Data. For example in the case of Energia application, the home page was referred
as Home, HomeScene, and Dashboard in different events. This inconsistency led to significant
confusion while identifying the current screen of the user. This issue was resolved by applying
data transformation described in detail in Section 3.4.2.
Redundant Data refers to the data which are repeatedly present in different attributes. Also,
the data that gives same information and are recorded in different part of the same dataset can be
considered redundant data. For example, while performing detail observation of prototype of Energia application log, two attributes which had the same values were observed. The column Name
has been recorded twice. As both the Name columns provide the information about the codename
of the test participant, it is inessential to record this information twice. It is just occupying extra
space. In addition, two timestamp columns called Date were present, among them one is the test
start timestamp of each user and the other is event timestamp which records the timestamp of the
occurrence of each event. The value of first Date column is basically, the first value of the second
Date column for each user. And having this date as a separate column provides a insignificant
contribution. The issue of redundancy was resolved by applying data cleaning described in detail
in Section 3.4.1.
Besides, a lot of extra information were present in the log which was irrelevant for analysis
purpose. In the case of Energia application, there were significant data in the log, and some
columns had same information throughout the log and some had same information represented as
different attributes. For example, coordinates of the screen where the user pressed were recorded
in percentage as well as in numbers, application SDK name and version were same throughout
the log, the incognito id was same throughout the log and so on. All the extra information were
removed during the data cleaning phase described in detail in Section 3.4.1.

3.4

Data Preprocessing

The data obtained from the data sources can have many data challenges as described in Section
3.3. These challenges can be overcome by data preprocessing. Data preprocessing is a process of
preparing the data for analysis so that the analysis results are reliable and gives valuable insights.
The task that can be performed to preprocess data are data cleaning, data integration, data transformation, data reduction and data discretization [43]. In the case study of Energia application
and its prototype, data cleaning and data transformation techniques are used to prepare the data
for analysis. These techniques are described below:

3.4.1

Data Cleaning

Data cleaning is the process of identifying the redundancies, errors, or inconsistencies in the data
and either removing them or resolving them to improve the data quality and accuracy [30]. Filtering is the most widely used data cleaning approach [36]. This approach is mainly applied in cases
where irrelevant data should be removed. Besides, filtering is also used to narrow down the scope
of analysis. Filtering can be classified into the following categories which are illustrated below [36].
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Slice and Dice Filtering technique is used to remove events and attributes from the values
recorded for an attribute. In the case study of Energia application prototype, Slice and Dice
filtering techniques are used to remove the data quality issue like redundant data, described in
Section 3.3. Out of two redundant Name columns that provided the same information, one of the
columns was removed. Similarly, a Date column, which contained the same values in all the rows
of a user and this value, can be obtained from the other Date column was removed. Furthermore,
in the case of Energia application, there was too much information as described in Section 3.3 and
it was impractical to work with all the columns as it can be observed in Appendix A.3 as some
of them are irrelevant for analysis purpose and some of them have same value all over the log.
Thus, only the columns that help obtain insights into the user application usage behavior were
selected and filtered in a separate log. The selection of columns was made from the requirements of
stakeholders of data enabled design research team. The columns in the refined log are highlighted
in gray color in Appendix A.3.
Compliance Based Filtering technique is used to remove the values that disobey the given
rule. In the case study of Energia application prototype, some noisy data as described in Section
3.3 which violates the compliance was present. The data recorded during the test when the test
moderator was giving a demo and asking questions to the users where the data which does not
capture the user interaction with the application. This data is irrelevant for analysis thus, these
data were filtered out from the data set. To solve the missing value and the noisy data issues in
Energia application which are described in Section 3.3, the scope of data was determined depending
on the purpose of analysis described below:
• User Based Filtering
To understand the application usage behavior of the user while using the application, only
the data that belongs to a particular user is relevant, the data without any user identification
would not add value for the analysis as it is impossible to determine which user performed
the activity in the data. When the user is on-boarded in Energia application from an online
forum, it might be interesting for data enabled design research team to see the user involvement in the forum and in Energia application. To identify the user in both the platform,
HashedEmail can be used as this is the only common identifier in these two platforms. Thus,
all the data that possess HashedEmail were filtered for further analysis and the data which
does not possess HashedEmail were filtered out.
• Environment Based Filtering
The user of the Energia application was using the application in Staging and Live environments. So the data from the other environments were not of any interest to the data enabled
design research team because these data represented the actions performed by developers
and application testers. Thus, only the data in Staging and Live environments are considered
for analysis.

3.4.2

Data Transformation

Data transformation is the process of using the existing data attribute to generate meaningful
information [23]. There are several techniques which can be used to perform data transformation.
The techniques that are used in the context of Energia application and its prototype are described
below:
Enriching Logs: The logs can be enriched by adding attributes which can be added either by
deriving new attributes from the existing ones or by adding external data [36]. In the case study of
Energia application and its prototype, the event log obtained after data cleaning was suboptimal
for analysis purposes because the log still had imprecise data values which are described in detail
in Section 3.3. Thus, the technique of “Enriching Logs” was used to solve this issue.
• EventTypes
The events in the prototype were specific like Sleep, Activity, Location which are listed in
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Initial Event column of Table 3.1. Only the researchers of the data enabled design research
team were able to understand the meaning of the events. Since those specific events in
the prototype only provide information about the type of event, such imprecise data were
processed by refining their label. The labels were refined by adding meaning information
in the current label. The refined label for the imprecise event labels is shown in Refined
Event column of Table 3.1. Although this new label gave information on the event that
occurred, however, any information regarding the context of the event was unobtainable. The
information regarding the activity was still imprecise. Thus, to obtain the precise information
about an event which is, what event occurred and what is the context of occurrence of the
event, the Refined Event attribute was concatenated with the Category attribute which
provided information on the page where the event occurred. Thus, precise event label was
obtained shown in eventLabel column of Table 3.2.
On contrary, the events in the application were too generic like open, PressNextButton. It
Initial Event
Activity
Button
Card
Click
Icon
Location
Repeat
Time
Tiredness

Refined Event
Answer ema2
PressButton
PressCard
Screentouch
PressIcon
Answer ema3
SelectRepeat
SelectTime
Answer ema1

Table 3.1: Refined prototype event labels

was impossible to infer the actual context of occurrence of the event like what did the user
actually opened, where did the user press the next button. Nevertheless, some events were
precise. Events like “User Opens App from Menu” and “User Opens App from Notification”
gave information of the event that occurred and its context. To solve this discrepancy, a
new column called event label was added to the data by combining the column “event type”
which gives information on the type of event that occurred with the column “currentScreen”
which gives information on the screen the user viewed while performing the event. In some
case, attribute “payload” was combined because this gave the information about the sub
pages of currentScreen. For example, in Application Tour, the same screen allows many
pages thus, here, the payload was combined to know the specific page that the user is
viewing. A sample of such event can be viewed in Table 3.3.
• Incorrect Session Information
In the data obtained for Energia application, some incorrect data regarding sessions which
are described in Section 3.3 were present. Strange anomaly of one session with multiple
HashedEmail was being observed. Thus, to obtain unique session information, new attribute
case id was generated by combining existing attributes’ session id and HashedEmail which
is a unique identifier for each user. Case id is common in all the events that belong to one
session of a user.
• Timestamp
In the case of Energia application when the data was extracted from Amazon S3 buckets, the
event time was represented in seconds and the format of the timestamp was DD/MM/YYYY
HH:mm:ss. As described in the imprecise data issue in Section 3.3, this format disrupted
the sequence of occurrence of events. Thus, the timestamp was refined and obtained in
millisecond. The new format of timestamp obtained after refinement was DD/MM/YYYY
HH:mm:ss:SSS.
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category
MICROSURVEY
MICROSURVEY
MICROSURVEY
PERISURVEY
HOMEFEED
INTRO
MICROSURVEY
MYDATA
NAME
WELCOME
CONSENT
DONOTDISTURB
INFO
INTRO
MICROSURVEY
PERISURVEY
WITHDRAW
HOMEFEED
HOMEFEED
MYDATA
DONOTDISTURB
DONOTDISTURB
NAME

refinedEvent
Answer ema1
Answer ema2
Answer ema3
Fill
Open
Open
Open
Open
Open
Open
PressButton
PressButton
PressButton
PressButton
PressButton
PressButton
PressButton
PressCard
PressIcon
Screentouch
SelectRepeat
SelectTime
Welcome

eventLabel
Answer ema1 MICROSURVEY
Answer ema2 MICROSURVEY
Answer ema3 MICROSURVEY
Fill PERISURVEY
Open HOMEFEED
Open INTRO
Open MICROSURVEY
Open MYDATA
Open NAME
Open WELCOME
PressButton CONSENT
PressButton DONOTDISTURB
PressButton INFO
PressButton INTRO
PressButton MICROSURVEY
PressButton PERISURVEY
PressButton WITHDRAW
PressCard HOMEFEED
PressIcon HOMEFEED
Screentouch MYDATA
SelectRepeat DONOTDISTURB
SelectTime DONOTDISTURB
Welcome NAME

Table 3.2: Final Prototype event labels after refinement and integration

Table 3.3: Event Label generated by using Enriching Logs Technique.
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• Homepage
In the case study of Energia application, multiple names were given to a single event, for
example, the Home page was referred as Home, HomeScene, and Dashboard. This inconsistency led to much confusion as described in inconsistent data of Section 3.3. All these
attributes were identified by a common keyword HomePage.
Hypothesis based on Observation: While using the prototype, the test participants were
constantly interacting with the test moderator enabling users to perform events at a steady pace.
From the logs, it was observed that only one task was performed within one second. Hence, the
time granularity provided in the dataset of Energia application prototype in DD/MM/YYYY
HH:mm:ss was analyzable.

3.5

Event Logs

Insights on user behavior while using the application can be gained by the events that are recorded
in the event logs while the user performs activities in the application. By analyzing these events,
the process flow of the user throughout the application can be understood. One of the ways to
analyze these events is by measuring the extent these events conform to the expectations of the
stakeholders who developed the application [5]. The actual user application usage can be analyzed
by comparing the event logs obtained from the users’ application usage to the process model that
illustrates how the application can be used or how the researchers expect the usage of application
[18]. The process of replaying the event log into the model is called Conformance Analysis [33].
To perform conformance analysis, the data logs obtained should have data related to respective
process and each event should refer to an instance of a process [3][15]. These set of events required
to complete a process belongs to a particular case [33]. Each event in case illustrates the execution
of an activity. A set of activities is executed in a particular sequence to complete a process. These
activities are ordered based on the timestamp of their occurrence in a case. This ordered sequence
of activities is called trace. The event log can also contain information on the resource that
performed or contributed in performing the event. Besides, event logs can also contain other extra
attributes which provide various information on the event. Case, activity, and timestamp are key
attributes of event logs, identifying these attributes is an essential step to perform conformance
analysis [33].

3.5.1

Case Identification

A case consists of a sequence of activities needed to be executed to carry out a process. These set of
activities consists a common case identifier to indicate they belong to a case. In some situations,
if the case identifiers are undefined, it is easy to find the case identifiers. For example, in the
case of website browsing or mobile application, if there are no defined case identifiers then unique
identifier that defines each login and browsing or application usage can be considered case identifier
for example session id. However, finding case identifier can sometimes be tricky. At times, there
could be situations when the existing case identifier can’t be trusted. This problem can be solved
by generating a case identifier by combining other relevant attributes in the event logs. If there
are attributes in the event log which gives an idea of the process that the particular event refers
to if combined, then these attributes can be combined to obtain case identifier. For example, if
session id cannot be trusted as case id, the unique user identifier or user login information can be
combined with the session id to generate a case id.
Case Identification in Energia Application and its Prototype
In the case of Energia application and its prototype, a case is the collection of all the events
that the user performed since the starting of the application until the closing of the application.
Energia application event log did not possess any defined case identifier. So the first attribute to
look for in the log was session id. But, the session id value was unreliable because one session
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id sometimes contained multiple user identifications which are represented by hashed email ids.
So the event log was thoroughly observed to identify other attributes that could be suitable for
generating the case identification. Among the attributes of the event log, the combination of
session id and hashed email ids complimented the weakness. Thus, the combination of session
id and hashed email performed in data transformation step to obtain unique session information
discussed in Section 3.4.2 was used as unique case identifier. Additionally, in the case of the event
log of a prototype of Energia application, the case identification was not defined. The event log
for each user prototype usage was logged separately and in different timing, besides, the prototype
was just single time use. Therefore, manual assignment of case identifier was done when each log
was obtained.

3.5.2

Activity Identification

Activity refers to a particular event executed to accomplish a process. Seven Process Modeling
Guidelines (7PMG) states a clear and unambiguous name to an activity is essential [25]. To
analyze user behavior, activity should clearly represent the event performed by the user and the
context of the event. For example activities like press, screen touch, open, close gives information
on the event but fails to provide any information on the context of the action. One can ask a
question: Press but where or what? On contrary, activity like PressNext Page1 clearly states the
event and the context of the event. Thus, it can be inferred the basic requirement of activity
name is the information about the event that occurred and the context of event occurrence. If
the activity name in the event log fails to provide a clear information on an event then, a new
activity can be generated based on current activity and other attributes in the log which gives
clear information about the event and its context. One of the easiest approaches is by combining
the relevant attributes, which can provide clear idea on the event and its context. This can
be performed either by writing code/script or by manually deriving activity from the event log
attributes.
Activity Identification in Energia Application and its Prototype
In the case of Energia application, accurate information on the activity was obtained after data
transformation step which is described in detail in Section 3.4.2, where an attribute event label
was obtained by combining existing attributes’ event type, currentScreen and payload. event type
described what event occurred and currentScreen described in which page of the application the
event has occurred. Furthermore, payload had information regarding the subpages of the currentScreen. However, the event log has less information regarding the agent who performed the
activity yet some event type mentioned that the user performed the activity. For example, “User
opened the app from the menu”, “User opened the app from a notification”. Nevertheless, the
event label provided clear information on the event and the context of occurrence of the event.
Thus, event label attribute was chosen as an activity. On contrary, in the case of the prototype,
the event names were too specific and only the researchers who were involved in the prototype test
would understand its meaning. Thus, the event names were refined so it gave precise information
at the generic level. In addition, various attributes that provided relevant information regarding
the activity and its context was combined to form event label. Finally, this event label is used as
an activity for the Energia application prototype. The detail description of the process of converting imprecise event names to precise event names is described in the data transformation step in
Section 3.4.2.

3.5.3

Obtaining Timestamps

While using the mobile application, a user can perform multiple events within a second [8]. If the
timestamps are not granular enough, then this can disrupt the whole sequence of occurrence of the
events. Thus, the granularity of timestamps is much essential to understand the user application
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usage behavior. It is best to have timestamps in millisecond [8] so that the event logs are ordered
with respect to their time of occurrence.
Obtaining Timestamp in Energia Application Usage Log
In the case of Energia Application, at first the timestamp was obtained with a resolution up to
second but this completely disrupted the order of occurrence of the events because a user performed many events within a second. All the events performed within an interval of a second had
the same timestamp. This problem is described in detail in missing data part of Section 3.3. The
timestamp obtained in millisecond format after the data transformation step described in section
3.3. Thus, this new granulated timestamp can be used as the event log timestamp.
However, in the case of a prototype of Energia Application, the timestamp was obtained only in
the seconds and the time in millisecond format was inaccessible. In the case of the prototype, most
of the timestamps of the events were unique and timestamp obtained in seconds were sufficient
for separate identification of events. In other words, only a few events had the same timestamp.
One of the reasons for the user using the prototype in relatively slower speed than the application
could be, they were giving an interview and describing their experience to the test moderators
while they were using the prototype. The users were answering test moderator’s question after
performing each activity which was taking significant time, hence having the timestamp in seconds
was reasonable.

3.5.4

Resource Identification

Any resources that are responsible for the operation of the process or contributed in accomplishing the process should be identified. In the case of mobile application usage, people using the
application, the Internet, model of mobile, mobile manufacturer could be possible resources. In
this thesis, resources are not of major focus.

3.5.5

Identifying other relevant attributes

If other factors influence the user application usage and provide valuable insights to make the
application better, then these attributes can be added as extra attributes.
The resultant event log after performing Data Cleaning, Transformation for the prototype of
Energia application can be seen in Appendix A.4 and the resultant event log of Energia application
is the gray rows shown in Appendix A.3. Along with the attributes in Appendix A.3, the new
event log of Energia application consisted of two more column called case id which represented
the unique case identifier and event label column which gave precise information about the event
that the user performed.

3.6

Summary of Data Preprocessing for Analysis

In the case study of Energia application and its prototype, first, the user application usage data
was recorded in a data storage server. The data obtained from the individual data sources were
then cleaned and transformed to obtain valuable insights. In this process, the principal difference
between the prototype and the application was only the choice of the data storage unit. In the
case of the prototype, in-house developer of People Research Team of Philips Design handled the
prototype development and deployment. In addition, only a few users were requested to use the
prototype for one time, so the expected data volume was low. Hence, the data was stored in
local data storage and the data was removed from the local data storage after the data is directly
exported into CSV file. However, an external developer developed Energia application which was
targeted for the daily use of many users. The volume of data of this application was anticipated
to be high and required to be stored in Amazon S3 server. For the analysis purpose, the data was
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Figure 3.2: Data Acquisition in Energia Application
retrieved from the Amazon S3 in JSON format. In both the prototype log and the application log,
the cleaning and transformation activities were performed after the data was retrieved from the
source. After that, the data logs were converted into event logs by identifying various event logs
attributes like case, activity, and timestamp. In the case of the prototype, all these operations
were performed in CSV File. In the case of Energia application, the cleaned and transformed data
was stored in local MYSQL database to perform the analysis. MYSQL database is chosen in this
thesis because of it is secured, compatible, scalable and user friendly and People Research Team
in Philips Design was using this database. After that, the event logs were exported into CSV File.

3.7

Conclusion

This chapter concentrates on methods to obtain the analyzable data for the application usage
analysis of the user. A brief discussion on identifying the data source, collecting the data, understanding the obtained data has been presented. The data obtained from the data sources can
have various challenges like missing data, noisy data, incorrect data, imprecise data, inconsistent
data and redundant data. The two techniques to overcome these challenges, namely data cleaning
and data transformation is discussed in this chapter. Additionally, this chapter shows the method
to identify key elements in the data log so it can be realized as an event log. Hence, this chapter
answers the research question “ How to obtain logs that can be used in data enabled design research?” by performing experiments in Energia application and its prototype. In this chapter
same techniques are used to process logs of both Energia application and its prototype. Hence, it
can also be inferred that same data processing techniques can be used in case of prototype and
the application.
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Chapter 4

Conformance Analysis
Chapter 3 explains that data generated during use of a product gives the researchers promising
perspectives on the functionality of the product in the real world, opening the doors for several
areas of enhancements for the product [37]. In the context of the mobile application, its flexibility
may result in a difference in the application usage of the user and the expectations of researchers
regarding the application usage. This chapter emphasizes on gaining insights on where the user
deviates from application stakeholders’ expectations by performing Conformance Analysis. Conformance Analysis is performed by replaying the log obtained from the user’s application usage
to the process model that illustrates how the application can be used [33]. If the activities in the
event log align with the reference process model, then the activities are allowed by the process
model otherwise the activities give insight on the deviation. To check if the event performed
by the users deviates from the reference process model, various approaches can be followed. This
chapter provides a detailed description on the approach relevant to perform Conformance Analysis
in mobile application usage log and the expectations of application stakeholders.

4.1

Process Model

Process Model is a graphical representation of an overall process being executed in reality. Many organizations today use process model to document and structure their procedures. For any process
in an organization, the process model is constructed manually or discovered [33]. An organization
that operates at higher Business Process Management (BPM) maturity level use models which are
analyzable but others simply use the ones that provide an easy way to communicate their ideas
or processes in the organization. Regulations under ISO 9001:2008 [16] and the revised version in
ISO 9001:2015 [17] require certain companies and industries to have some type of process model
to illustrate their process. The process model represents complex process information in a simpler
illustration to obtain quick insights about the process, ease communication and decision-making.
It helps companies to forecast their potential challenges and plan measures to overcome such challenges. However, these regulations are yet to be implemented to the application usage event log
level [33].
Nevertheless, during the planning phase of application development, either process model or
some form of documentation is developed to communicate the application requirements among
various stakeholders. In the case of mobile application, the process model depicts the way application can be used and the stakeholders’ perspective on the application usage. If the process
model is unavailable, process model should be developed to perform conformance analysis. Making
process model is a crucial task, as it should cover all the aspects of the process. If the process
model is incomplete or unable to address certain process scenarios, then it can lead to the incorrect
analysis.
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4.1.1

Case Study

In the case study of Energia application and its prototype, the process model was unavailable,
thus process model was developed to perform conformance analysis. While developing the process
model understanding expectation of application stakeholders, the scope of application and the
features that are supported by the application are of paramount importance. To understand the
scope of application and the expectation of the stakeholders, an interview was conducted with
various stakeholders of data enabled design research. Different stakeholders had different goals,
so understanding their goals was important to understand what they expect from the application
usage analysis based on event logs for design research. The researchers were mainly interested in
understanding the application usage and the data that gives insights on application usage. After
the interview with researchers, idea on what type of data the researchers asked the developers of
the application to log to understand the user application usage in data enabled design research
was obtained. But, the application developers mainly focused on implementing the data logging
features generically to apply to other similar applications. After interviewing them, knowledge on
what data are being logged currently and how are those data being logged was obtained.
Inspecting the already existing documentation is an efficient way of understanding the overall
system and to gain the domain knowledge of the application, the documents that were used
while communicating the features of application between the researchers and the developers were
studied. The available documents to understand the functionality of Energia application and the
implementation of logs were:
• Application map (App Map) developed by the researchers along with User Interface (UI)
designers.
• List of events researchers asked the application developers to log in the mobile application.
• List of metrics that researchers wanted to analyze.
Accordingly, for the prototype of Energia application, the available documents to understand the
functionality of the prototype and the implementation of logs were:
• List of tasks the user had to complete in the prototype test.
• List of events researchers asked the prototype developers to log in the prototype application.
• Video recording of the screen of a user while performing the prototype test.
• The researcher’s note while conducting the prototype test.
Above all, I thoroughly used Energia application and its prototype myself to explore the features
and scope of the application and its prototype.
Finally, a reference process model was developed for Energia Application and its prototype.
This process model represents the real world scenario on how the application should be used,
how the application can be used and what logs should be recorded according to the application
stakeholders. Thus, this model possesses all the possible process where a user can interact with
the application. The reference process model for the prototype of Energia Application is shown in
Figure 4.1 and the standard process model for Energia Application is shown in Figure 4.2. These
models have been modeled using Business Process Management Notation (BPMN). Explaining
process model to people with a less technical background is easy using BPMN. Besides, Signavio
was used to model the BPMN diagram as it is a professional tool which provides a simple way
of modeling. After developing the process model, it was again validated by the researchers and
developers of Energia application to avoid mistake and to ensure that all scenarios had been
covered.
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Figure 4.1: BPMN model of Prototype Usage.
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Figure 4.2: BPMN Model of Application Usage.
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4.1.2

Prototype of Energia Application

During the prototype test of Energia application, the users were asked to perform sequential tasks
which were clearly defined by the researchers. The tasks which users were asked to perform are
listed below:
Task 1: Go through the application tour.
Task 2: Take survey regarding daily activities.
Task 3: Change notification timing.
Task 4: View statistics on daily activities.
Task 5: Take survey on User Interface and User Experience (UI/UX).
Task 6: Withdraw from the application.
The process model is shown in Figure 4.1 describes what actions a user can take in the prototype
to complete the tasks listed above. The user can first open the phone and then navigate through
the introduction. Here the introduction means the application tour, which contains multiple pages
and a page where the user can enter their name. After completing the application tour, users arrive
at Homefeed page. From the Homefeed page, the user can go to different pages listed below:
• EMA Survey page
EMA Survey is the daily survey which consists of 4 questions regarding the daily lifestyle of
the user.
• Open data page to see the statistics of the daily survey.
In the data page, the user can see their reports regarding the daily survey.
• Go to settings page to change the notification settings.
In the settings page, users can change the time of and the day when they get the notification.
• Go to UI/UX survey page to give survey on UI/UX.
UI/UX Survey is the survey to gain the impression of the user regarding various UI elements
of the prototype. This survey consists of 3 questions.
• Go to info page.
The user can go to info page to see the information regarding application or to withdraw
from the test.
Users can arrive at Homefeed page from different pages other than introduction page. They arrive
in Homefeed page after completing tasks in all other pages. For example: finishing their daily
survey or the UI/UX survey, changing the settings of notification, viewing their reports on the
daily survey, after reading the information about the application expect when the user withdraws
from the test. The user can access the data page, surveys, and settings page either by pressing
card or by pressing an icon. The info page can be accessed by pressing the icon. In this prototype,
the user can exit only if they withdraw from the application or they exit from the Homefeed page.

4.1.3

Energia Application

Based on the features of the application and the researchers expectation of user’s application
usage, the process model is shown in Figure 4.2 was obtained. This process model shows that the
users are free to use the application the way they like. They can explore all the features in the
application and use the application as long as they want. The process model shows that a user can
open the application is 3 different ways. They can either open the application from many or open
notification sent from the EMA survey or open notification sent from UI/UX survey. If the user
opens the application from EMA survey notification, they are redirected to the EMA survey page
and if the user opens the application from UI/UX survey notification then, they are redirected
to the UI/UX survey page. Besides, the user can access these surveys also from the home page.
When the user opens the application from the menu, the home page of the application is loaded
and from this page, the user can perform various actions listed below:
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• Take EMA Survey.
EMA Survey is the daily survey which consists of 3 questions regarding the daily lifestyle of
the user.
• Take UI/UX Survey.
UI/UX Survey is the survey to gain the impression of the user regarding various UI elements
of the application. This survey consists of 5 questions.
• Take EMA4 Survey.
EMA4 Survey is the survey which consists of 1 questions regarding the sleep of the user.
• View reports on EMA and EMA4 Survey.
Users can view statistics of their EMA and EMA4 survey in different intervals.
• Change application settings.
The user can also change the settings of the application, change the developer settings,
participate in additional tests and withdrawing from the test.
• Go through the application tour.
The user can also gain more information about the application by going through the tour of
the application.
Like in the prototype, whenever the user completes the actions in the pages listed above,
they are redirected to the homepage. For example: after finishing their EMA survey, EMA4
survey or the UI/UX survey, changing the settings of notification, viewing their reports on
the daily survey, after reading the information about the application expect when the user
withdraws from the test.

4.2

Alignment Based Conformance Analysis

Conformance Analysis is the method of comparing event logs with respect to the process model to
diagnose the similarity and differences between the real and the modeled behavior. The popular
conformance analysis techniques in process mining are [33]:
• Token Replay
Token Replay is an approach which identifies fitting and non-fitting cases by counting the
missing, remaining, consumed and produced token.
• Alignment Based
Alignment Based Conformance Analysis is an approach which identifies the deviation between
the process model and the event log by aligning the model with the log.
• Comparing Footprints
Comparing Footprints refers to comparing the matrix that illustrates the causal dependency.
In case of mobile application, it is hard to perform token replay and to compare footprints as the
event logs can be big and the event log quality cannot always be guaranteed. Thus, it can be hard to
identify deviations in this approach. Nevertheless, alignment based conformance testing between
the event log of the application usage and the process model developed based on application
stakeholders expectations can be performed. This helps in understanding the deviations and the
commonalities between the reality and expected way of application usage in detail [33], [3]. Based
on this concept alignment based conformance testing between the event log of the application
usage and the process model developed based on application stakeholders’ expectations and the
features supported by the application can be performed [3].
Correlating the events in an event log with the activities in a process model is replaying the
events on the model [3]. Replaying an event log in a model to find the alignments provides an easy
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way to diagnose deviations accurately. To compare if the modeled behavior has commonalities or
discrepancies from the real life behavior by replaying the event log in a process model, the two
important requirements are [33]:
1. Standard process model that illustrates the stakeholders’ expectations from the application
and the functionalities supported by the application.
2. Event logs of the user’s application usage.
Consider an example of a user taking a survey which has one question and assume the process
model developed based on the researchers’ expectation and the events allowed by the application
feature is represented in the process model of Figure 4.3. Process model shows that first of all
the user can open the application from the menu, then the system loaded the home page, then
the user opened survey question 1 page and then clicked submit on survey question 1 page and
finally the system loaded thank you page. Assume there is an event log recording each and every

Figure 4.3: Sample of a process model.
activity of the user’s application usage. A sample trace from the event log is shown in Trace 4.1.
The log shows firstly, the user opened the application from menu then the system opened home
page after that user clicked submit on survey question 1 page, after that the user opened data and
then the system opened thank you. By observing the process model on Figure 4.3 and the event
Trace 4.1:
<User OpenApp Menu, System Open Home, User ClickSubmit SurveyQ1, User Open Data
System Open ThankYou>
log in Trace 4.1, it can be observed there are discrepancies in the process model and the event log.
This discrepancy can be analyzed by aligning process model with event log. Figure 4.4 shows an
alignment between the process model shown in Figure 4.3 and the trace shown in Trace 4.1.

Figure 4.4: Alignment between the process model and trace.
In the alignment of Figure 4.4, the first row shows the events that are supported by the process
model and the second row shows the events that are recorded in the event log. The first and second
columns of the alignment show that the events occur both in the model and the log, however, the
event “User Open SurveyQ1” is observed only in the model but not in the log. Thus, the log
deviates from the model at this point. The deviation is represented by no moves symbol “>>”
[33]. Nevertheless, the log and model are aligned in the fourth row, however, again the log deviates
from the model in the fifth row as the event “User Open Data” is observed only in log but not in
the model. Figure 4.3 and Trace 4.1 represents a small sample of the process model of a real-time
mobile application and its event log respectively. However, this log and the process model can be
huge.
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4.3

Methodology for Alignment Based Conformance Analysis

To perform Conformance Analysis, ProM framework is used. ProM is an open source process
mining framework which provides various functionalities in the area of process mining [33][3]. All
the methodologies presented in this thesis are experimented in ProM 6.6. The steps performed to
conduct alignment based conformance analysis are described below:
1. Convert BPMN process model into Petri net
Check if the process model is obtained in Petri net format because ProM supports only Petri
net for performing Conformance Analysis. A process model should be converted into Petri
net if the process model is obtained in any other form like BPMN. In data enabled design
research, the process model is usually developed in corporation with researchers who have a
non-technical background. BPMN model provides an easy way of communication between
various stakeholders involved in the research as it uses simple modeling notations which are
easy to grasp even by a non-technical person discussed in detail in Chapter 2. If the BPMN
model is developed in external tool, then it should be loaded into the ProM tool at first [22].
The plug-in “Select BPMN Diagram” can be used to load BPMN developed in external tool
into ProM as shown in Figure 4.5. This plug-in takes BPMN diagram developed in external
services and results in it in the form that ProM can analyze.
After loading the BPMN into ProM, it should be converted into Petri net because the

Figure 4.5: Plug-in to load BPMN Diagram developed in external tool into ProM is shown in dark
green color.
conformance checker in ProM framework uses Petri net as its input. To convert BPMN
models into Petri nets, BPMN conversions package can be used [21]. There are a few pluginins that convert BPMN into Petri net. In the context of data enabled design research, a
simple BPMN model should be converted into simple Petri net thus, the plug-in “Convert
BPMN to Petri net” should be used as shown in Figure 4.6. This plug-in takes BPMN
diagram as an input and produces its respective Petri net as an output.
2. Check for deadlocks and dead transitions in Petri net.
Deadlock is a state when the token is absent in the Petri net and transitions could not be
fired. This leaves the replay to be incomplete. To replay log into the Petri net, there should
be at least one transition that should be enabled at every step while replaying the log. Dead
transitions are the transitions that cannot be enabled in the Petri net and if a token reaches
this transition, the replay process is halted [35]. These conditions should be thoroughly
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Figure 4.6: Plug-in to convert BPMN into Petri net is shown in dark green color.
checked in the Petri net.
When these methods were applied in the BPMN model of Energia application prototype
shown in Figure 4.1, the Petri net shown in Figure 4.7 was obtained. Accordingly, when the
methods were applied to the BPMN model of Energia application shown in Figure 4.2, the
Petri net shown in Figure 4.8 was obtained.
3. Convert event log into XES.
The event log obtained after performing data preprocessing illustrated in Chapter 3 are
usually made available in CSV format. However, ProM accepts event logs in XES format for
conformance analysis [40]. Thus, to perform conformance analysis, the CSV file should be
converted to XES file. This can be done by using “Convert CSV to XES” plug-in in ProM
as shown in Figure 4.9. The input for this plug-in is a CSV file and it outputs an XES file.
4. Run the plug in Replay a Log on Petri Net for Conformance Analysis.
When all the above-listed steps are completed, the conformance analysis can be performed
by using the plug in “Replay a Log on Petri Net for Conformance Analysis [4].” This plug
in provides the feature of aligning the Petri net with the event logs based on A∗ algorithm.
Thus, detailed inspection on the observed behavior can be performed based on the modeled
behavior [33]. Use of this plug-in is shown in Figure 4.10. The input of this plug-in is a
Petri net and an XES event log and after running this plug-in it results in Petri net log reply
result which can be considered alignments.
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Figure 4.7: Petri net obtained for Energia application prototype.
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Figure 4.8: Petri net obtained for Energia application.
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Figure 4.9: Plug-in to convert event log in CSV format into XES file.

Figure 4.10: Plug-in to perform conformance analysis.
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4.4

Experiment in Energia Application and its Prototype

In the case study of Energia application and its prototype, the process model obtained after
discovering the context of the application has been used as a standard process model. Similarly,
logs collected from the server where the application stored the data of application usage was used
after performing the data cleaning and transformation operations which are described in detail in
Chapter 3. In data enabled design research, the researchers perform analysis in both applications
and prototype logs. Thus, the conformance analysis was performed in both application and the
prototype logs. In the case of prototype 6 traces were present and in the case of application, the
event log was large with 742 cases.

4.5

Results from Alignment Based Conformance Analysis

While aligning event log with the process model, event traces are mapped to Petri net transitions
[41]. During aligning, move keeps track of the mapping between the transition in Petri net and
the event in the event log. The result of the alignment of process model shown in Figure 4.3 and
the trace of event log shown in Trace 4.1 is shown in Figure 4.11. It can be observed that four
kinds of moves can be observed in alignments [33][3]:

Figure 4.11: Different types of moves in Alignment Based Conformance Analysis.

• Synchronous moves
For a given event trace, if the event in the log can be mapped with the corresponding
transition in Petri net then these moves are known as synchronous moves. These moves are
represented with green color in Figure 4.11.
• Move on model
For a given event trace, if the transition in Petri net cannot be mapped with the corresponding event in the log then, to get an alignment with a less possible mismatch, the algorithm
makes move in the model while the log remains unchanged. This move is known as move
on the model. The transitions where the algorithm made move in the model are referred as
Skipped activities. These activities are represented with purple color in Figure 4.11.
• Move on log
For a given event trace, if the event in the log cannot be mapped with the corresponding
transition in Petri net then, to get an alignment with a less possible mismatch, the algorithm
makes move in the log while the Petri net remains in its current position. This move is known
as move on log. The events where the algorithm made move on log are referred as Inserted
activities. These activities are represented with yellow color in Figure 4.11.
• Invisible moves
If the transition in Petri net lacks a corresponding event in the event log then these moves
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are known as invisible transition. These activities are represented with gray color in Figure
4.12 and Figure 4.13.
The result of alignment based conformance analysis in the case of Energia application and its
prototype can be seen in Figure 4.12 and Figure 4.13. This illustrates many points of deviation can
occur between the model and the event logs. Some deviations are recurring in many traces, some
deviations occur in similar contexts, some occurs occasionally and some shows new behavior than
in the model. This information gives a reliable basis for diagnosing why and how the deviations
are being occurred. Based on the diagnosis, insights can be gained to understand where the users
deviated more while using the application or where the users are aligned with the model. This
will reflect the reality of application usage and enable data enabled design researchers to plan or
to take actions regarding the mobile application design. The process of diagnosing the deviations
is discussed in detail in Chapter 5.
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Figure 4.12: Result obtained after performing Conformance Analysis for Energia Application.
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Figure 4.13: Result obtained after performing Conformance Analysis for Energia Application
Prototype.
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4.6

Conclusion

This chapter illustrates the analysis on user’s application usage with respect to application stakeholders expectation and the features supported by the application can be performed by doing
Conformance Analysis. In addition, this chapter also describes that to perform conformance analysis, the expectations of the application stakeholders should be illustrated as a process model and
the user application usage data should be illustrated in as event logs. Consequently, the event logs
can be replayed in the process model. The method to conduct Conformance Analysis of observed
behavior with respect to modeled behavior has been illustrated in detail. This method helps in
diagnosing where the modeled behavior deviated from the actual behavior of the application usage.
Consequently, the point of deviation between the observed behavior and the modeled behavior can
be pinpointed and the high-level cause of deviation can be predicted. This helps the researchers
gain new insights on the mobile application usage. This will ultimately help in partially answering the research question of “How to analyze the obtained logs to gain insights into application
usage?” by partially answering its sub question “What are the steps that should be taken to
analyze the obtained logs?” Besides, the conformance analysis techniques and methods described
in this chapter were applied in the case study of Energia application and its prototype. Thus, it
can be inferred that same analysis techniques and methods can be used in both application and
its prototype.
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Deviation Diagnosis
The main objective of aligning the modeled behavior to the observed behavior is to investigate
if the modeled behavior deviates from the observed behavior and to diagnose the severity of deviations [3]. Explicit analysis and diagnosis of deviations are essential for the stakeholders as it
gives important insight on user’s perspective on the application. Readers can refer to Chapter 4
for a detailed discussion on a method to perform Conformance Analysis. The Conformance Analysis showed many deviations were present in the observed behavior with respect to the modeled
behavior. Synchronous moves as expected by the stakeholders, moves observed only in the reference model, moves observed only in the logs, and some events which never occurred in the event
logs were seen in the result of Conformance Analysis. A question like “Are all the deviations
insightful?” arose from such observation.

5.1

Cost Based Approach to Identify Deviations

Conformance Analysis shows the similarity index of the modeled process with the actual behavior.
But the measure of deviation between the modeled process and the actual behavior is difficult to
analyze just by observing the deviations in the alignment of conformance analysis. Especially
when many traces exist, the analysis is further complicated. Thus, following a predefined approach to identify the factors of deviations can be useful. One approach to identify the factors of
deviation is taking an account of the cost of deviation [5]. In this approach, the deviations are
penalized by assigning a cost to the deviation. The deviations are the combination of exceptions
and insights. Usually, the deviations are exceptions but sometimes they are acceptable as it gives
an idea of the area which the process model has missed to cover. However, sometimes deviations
are unacceptable as it indicates where the observed behavior deviated from the modeled behavior. This helps in answering the question “Are all the deviations insightful?”. To understand the
factors for deviation, the cost can be assigned to various moves that are observed in the results of
conformance analysis. The details on cost assignment are described below:
Invisible move shows the moves existed on the model but never executed in reality. The main
reason for a move to be invisible is complex control flow pattern. For example when AND split/joint and OR split/joint are modeled or converted from BPMN to Petri nets, these are converted
to τ -transitions [5]. An example of a condition which results in τ -transition is shown in Figure
5.1. These τ -transitions are never logged in the event logs since they don’t denote any activity.
Thus, the cost of the invisible move is set to 0.
Synchronous move shows that the events are occurring the way it is supposed to occur and for
such move the cost is set to 0.
Move on model shows moves occurred only in the model but not in the log and these moves
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Figure 5.1: Addition of τ -transitions when OR split in a BPMN model is converted in terms of
Petri net.

cause the deviations. The moves that caused the deviation should be penalized and the cost for
such move is set to 1.
Move on log shows moves occurred only in the log but not in the model and these moves cause
deviations. The moves that cause deviation should be penalized, thus, the cost for such move is
set to 1.
In the case study of Energia Application and its prototype, when this cost was set to penalize
the deviations, the average raw fitness cost for the prototype of Energia application was 21.83 and
the average raw fitness cost for Energia application was 4.61.

5.2

Deviation Patterns

Whenever a deviation is present, questions like “Was something wrong?”, “What actually went
wrong?”, “Where did it go wrong?”, “How can these deviations be checked?” arises. To answer
such questions, one of the approaches is identifying common patterns among the deviations. The
common patterns can be identified by observing the alignments thoroughly and making notes of
the points where the move on model, move on log, and invisible move were common and most
visible. For example, if we consider the alignments shown in Figure 4.12 and Figure 4.13, we can
observe some common patterns of occurrence of deviation among the traces is present. These
common deviations should be examined thoroughly. If any commonality in such moves exists,
then it can be categorized into a pattern [3] otherwise those are rare deviations. In the case of rare
deviations, some deviations can be undesired and some deviations can be desired because these
will give new understandings on users’ perspective. Some common deviation patterns that result
in deviations between the reference process model and the event logs in the data enabled design
research are described below:
Missing Event Pattern
If a sequence of events should have been executed according to the reference process model but
one or more of the events in this sequence is missing in the event log, then this ultimately results
in deviations. Thus, this deviation pattern can be categorized as Missing Event Pattern. For
example, if the process model in Figure 4.3 and the event log in Trace MissingEventPattern is
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considered,the event “User Open SurveyQ1” is missing. In this example, it can be observed that
in the reference process model there are 5 events but in the event log, there are only 4 events.
Hence, in the case of missing event pattern, numbers of events in the event log is always less
than numbers of events in the process model. Generally, move in the model can contribute to
identifying the missing events pattern.
A missing event pattern can further be classified into four major categories which are described
Trace MissingEventPattern:
<User OpenApp Menu, System Open Home, User ClickSubmit SurveyQ1,
System Open ThankYou>
below:
Case 1: Missing Prefix
This case states that the trace lacks events at its beginning. In deterministic mobile applications,
the events at the end of the trace cannot occur until the event at the beginning of the trace occurs.
Thus, it can be assumed the events at the beginning of trace are missed due to technical problem
although the users executed all the events. Besides, there can also be connectivity issue like the
first part of the trace is recorded as a separate trace and the rest of the trace is recorded as a
separate trace. Thus, numbers of event missing at the beginning of the trace depend upon the
problem in recording the event. However, in the case of mobile application, the missing events is
assumed to be “missed to be recorded yet performed events as the trace consists of activities that
give information on the occurrence of the event. Consider an example of the traces listed below.
here, let us assume the Figure 5.2 is the complete trace and ObservedTrace* are the observed
traces, where * represents suffix number.

Figure 5.2: Sample process model of survey with 3 questions.

Trace ObservedTrace1 :
<SurveyQ2 open, SurveyQ2 UserChangesCurrentAnswer, SurveyQ2 UserClicksNextButton,
SurveyQ3 open, SurveyQ3 UserChangesCurrentAnswer, SurveyQ3 UserClicksNextButton,
thankYou open, homepage open>

If we compare Figure 5.2 with Trace ObservedTrace1 and Trace ObservedTrace2, then it is
evident that Trace ObservedTrace1 and ObservedTrace2 has missing prefix issue.
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Trace ObservedTrace2 :
<thankYou open, homepage open>

In the Trace ObservedTrace1, it is impossible a user can go to ema2 open page without performing SurveyQ1 UserClicksNextButton. So the assumption that the user completed the former activities can be made. However, in the case of Trace ObservedTrace2, it is unclear when thankYou open
was executed. Here, we cannot be certain if the user took the survey or thankYou open was resultant of some other activities.
Case 2: Missing Infix.
This case indicates the trace has starting event and ending event but missed events in the middle
of the trace. In deterministic mobile applications, events at the end of the trace cannot occur until
the events before occurred. According to the trace, if the starting events and the ending events
were executed, then it can be assumed the events in the middle of the trace are missed due to
technical factors although the users executed all the events. Let us take an example of the traces
listed below:
Trace ObservedTrace3 :
<SurveyQ1 open, SurveyQ1 UserChangesCurrentAnswer, SurveyQ1 UserClicksNextButton,
SurveyQ2 UserClicksNextButton, SurveyQ3 open, SurveyQ3 UserChangesCurrentAnswer,
SurveyQ3 UserClicksNextButton, thankYou open, homepage open>

Trace ObservedTrace4 :
<SurveyQ1 open, SurveyQ1 UserChangesCurrentAnswer, homepage open>

If we compare Figure 5.2 with Trace ObservedTrace3 and Trace ObservedTrace4, it can be seen
that Trace ObservedTrace3 and Trace ObservedTrace4 has missing infix issue.
In the Trace ObservedTrace3, it is impossible that a user can go to SurveyQ2 UserClicksNextButton
page without performing SurveyQ2 open and SurveyQ2 UserChangesCurrentAnswer. So, the assumption that the user completed the former activities can be made. However, in the case of Trace
ObservedTrace4, it is unclear if the user completed the survey before opening the homePage. In
this scenario, it is questionable that the user took the survey.
Case 3: Missing Suffix
This case indicates the trace lacks its ending. In such cases, it is tricky to assume the notion of
completeness of trace. The events can surely be missed due to the technical factors, however, it
can also be missed simply because the user may stop using the application. Besides, there can
also be connectivity issue like the last part of the trace is recorded as a separate trace and the
rest of the trace is recorded as a separate trace. Now, the concern is when to consider if the user
stopped using the application or some other issue with logging was present. One approach to
tackle this situation is considering the events that represent completeness of action that the user
is performing. For example let us consider the following traces:
[!ht] If we compare Figure 5.2 with Trace ObservedTrace5 and Trace ObservedTrace6, then it is
evident that Trace ObservedTrace5 and Trace ObservedTrace6 has missing suffix issue.
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Trace ObservedTrace5 :
<SurveyQ1 open, SurveyQ1 UserChangesCurrentAnswer, SurveyQ1 UserClicksNextButton,
SurveyQ2 open, SurveyQ2 UserChangesCurrentAnswer, SurveyQ2 UserClicksNextButton,
SurveyQ3 open, SurveyQ3 UserChangesCurrentAnswer, SurveyQ3 UserClicksNextButton >
Trace ObservedTrace6 :
<SurveyQ1 open, SurveyQ1 UserChangesCurrentAnswer,
SurveyQ1 UserClicksNextButtonInEMA,
SurveyQ2 open>

In the Trace ObservedTrace5, the user completed all the necessary activities to complete the
survey. So, the assumption that the user completed the survey can be made. However, in the
case of Trace ObservedTrace6, it is unclear if the user completed the survey or stopped taking the
survey after opening the second question. Here, it is impossible to make sure that the user took
the survey.
Case 4: Combination of Missing Prefix and Missing Suffix
In this case, the trace consists of only the middle part, thus, it cannot be guaranteed either the
trace was actually recorded after the users’ action or it was mistakenly logged. The events can
surely be missed due to technical factors, however, it can also be missed because the user simply
started to use the application from the background and again stopped using the application and
kept it in the background again. Thus, in such case, also the assumption of the user not using the
application can be made. Besides, there can also be connectivity issue like the first part of the
trace is recorded as a separate trace, the middle part of the trace is recorded as a separate trace
and the rest of the trace is recorded as a separate trace. Let us assume the traces given below:
If we compare Figure 5.2 with Trace ObservedTrace7 and Trace ObservedTrace8, then it is evidTrace ObservedTrace7 :
<SurveyQ1 UserClicksNextButton, SurveyQ2 open, SurveyQ2 UserChangesCurrentAnswer,
SurveyQ2 UserClicksNextButton, SurveyQ3 open, SurveyQ3 UserChangesCurrentAnswer,
SurveyQ3 UserClicksNextButton>

Trace ObservedTrace8 :
<SurveyQ2 open, SurveyQ2 UserChangesCurrentAnswer, SurveyQ2 UserClicksNextButton>

ent that Trace ObservedTrace7 and Trace ObservedTrace8 has combination of missing prefix and
missing suffix issue.
From the Trace ObservedTrace7, we can be certain that the user took the survey completely
because the user performed all the activities that are required to complete the survey. However,
in case of Trace ObservedTrace8, it can be observed that the user completed Survey Q1 otherwise
he/she could not open SurveyQ2. But after clicking next button in Survey Q2 we cannot be sure
if the user completed the survey because it is not in the trace.
One solution to the cases of missing event pattern can be joining the subsequent incomplete
traces where either prefix or infix or suffix are missing if joining the incomplete traces results in a
complete trace. For example, if the complete sequence of trace is Original Trace1, and observed
sequence of trace is Trace ObservedTrace9, Trace ObservedTrace10 and Trace ObservedTrace11,
then we can observe that by combining Trace ObservedTrace9, Trace ObservedTrace10 and Trace
ObservedTrace11, complete sequence of Figure 5.2 can be obtained. Hence, joining the traces if
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they occur sequentially and result in a complete trace is a solution to the missing event pattern.
This can give accurate insight on user application usage behavior. Additionally, another approach
to deal with missing event pattern is assuming the notion of completeness if most of the event that
the process has been completed exists in the trace. For example, Trace ObservedTrace1, Trace
ObservedTrace2, Trace ObservedTrace3, Trace ObservedTrace5, and Trace ObservedTrace7 shows
that process is completed. But if the notion of completeness can not be assumed, then this kind
of deviations are identified as missing event pattern.
Trace ObservedTrace9 :
<SurveyQ1 open, SurveyQ1 UserChangesCurrentAnswer, SurveyQ1 UserClicksNextButton>

Trace ObservedTrace10 :
<SurveyQ2 open, SurveyQ2 UserChangesCurrentAnswer, SurveyQ2 UserClicksNextButton>

Trace ObservedTrace11 :
<SurveyQ3 open, SurveyQ3 UserChangesCurrentAnswer, SurveyQ3 UserClicksNextButton,
thankYou open, homepage open>

Interchanged Event Pattern
Process model illustrates the way all the events should occur sequentially; however, in real life,
the sequence of occurrence of events in the event logs can be interchanged. Deviations caused by
the interchange of the event can be considered interchanged event pattern. Again, considering the
process model in Figure 4.3 and the event log in Trace InterchangedEventPattern, it can be observed that in the log, the position of “User Open SurveyQ1” and “User ClickSubmit SurveyQ1”
has been interchanged. Nevertheless, numbers of events that occurred in both model and log are 5.
Thus, it can be inferred that, in the case of interchanged event pattern, numbers of events in the
event log and the reference model are equal. If the event is followed by one event, then it has the
possibility of being interchanged with only one event. Moreover, if an event is followed/preceded
by an AND split/joint or an OR-split/joint then it has the possibility of being interchanged with
two other events. This pattern can be identified thoroughly observing move in model and move
in log.
Trace InterchangedEventPattern:
<User OpenApp Menu, System Open Home, User ClickSubmit SurveyQ1,
User Open SurveyQ1, System Open ThankYou>

Redundant Event Pattern
If the same event occurs consecutively more than once in the sequence where this occurrence is
unexpected, then such pattern of events deviation is considered redundant events pattern. In
the case of the process model in Figure 4.3 and the event log in Trace RedundantEventPattern,
the event “System Open ThankYou” was logged two times. In this case, numbers of events in
the model was 5 and numbers of events in the log was 6. Hence, in the case of redundant event
pattern, numbers of events in the log is more than numbers of events in the model. A redundant
event pattern can be identified by observing move in log.
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Trace RedundantEventPattern
<User OpenApp Menu, System Open Home, User Open SurveyQ1,
User ClickSubmit SurveyQ1, System Open ThankYou, System Open ThankYou>

Incorrect Event Pattern
If an unexpected event or a set of events occur instead of an event or a set of events supposed to
occur at an instance in a trace, then such deviation pattern can be regarded as incorrect event
deviation pattern. If we consider the process model in Figure 4.3 and the event log in Trace IncorrectEventPattern, then instead of logging “User Open SurveyQ1” after “System Open Home”,
“User Open Data” was logged and only after that “User Open SurveyQ1” was logged. The occurrence of “User Open Data” was irrelevant with respect to the process model. This is just one
simple example of incorrect event occurrence, there can be more than one incorrect event in the
same trace. Thus, in the case of incorrect event pattern, numbers of events in the log is more
than numbers of events in the model. An incorrect event pattern can be identified by thoroughly
observing move in log.
Trace IncorrectEventPattern <User OpenApp Menu, System Open Home, User Open Data,
User Open SurveyQ1, User ClickSubmit SurveyQ1, System Open ThankYou>

Combination Pattern
If the combination of more than one pattern discussed in Section 5.2 exists in a trace, then this
pattern is known as combination pattern. If the process model in Figure 4.3 and the event log in
Trace CombinationPattern is considered, then the event “User Open SurveyQ1” is missing and
the events “User Open Data” and “User Open Setting” are incorrect. In the case of combination
pattern, the number of events in the log can either be more or less or even equal to the number of
events in the model. Mostly combination pattern can be identified by thoroughly observing both
move in log and move in model.
Trace CombinationPattern
<User OpenApp Menu, System Open Home, User Open Data,
User Open Setting, User ClickSubmit SurveyQ1, System Open ThankYou>

5.3

Successive Deviation Reduction

While analyzing the deviations, going through each trace of the event log is not always possible.
Additionally, while working with each trace, keeping track of all the deviations that had already
been analyzed and the deviations that are yet to be analyzed is too complex especially if the log
is big. So, analyzing each trace is unfeasible in every one of the cases and unscalable even for
practical cases. Thus, a new method to identify, analyze, and reduce deviation is developed and
termed as Successive Deviation Reduction Method. The primary objective of this method is to
identify the deviation and its cause by using the raw fitness cost. If the deviation is analyzable and
its cause is identifiable, then the raw fitness cost of deviation can be reduced. The raw fitness cost
of deviation indicates the severity of deviation because of higher numbers of deviations, higher is
the raw fitness cost . This method provides an easy way of keeping track of already identified and
analyzed deviations by reducing their cost.
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5.3.1

Method to Perform Successive Deviation Reduction

The sequential steps to perform Successive Deviation Reduction is described below:
Step1: Identify the common deviations present in majority of the traces either by taking the most
deviated event from event statistics or through observation of the obtained alignment. And take
an arbitrary trace which consists of this deviation. If possible take the trace with low raw fitness
cost because this helps in identifying if this was only the reason for the deviation or this deviation
leads to another deviation.

Event Statistics: After performing Alignment Based Conformation Analysis, statistics which
shows numbers of the synchronous move, move on log and move on model of each event in the
event log and the model can be obtained. These statistics are called event statistics. A sample
event statistics is shown in Table 5.1. These statistics provide a clear indication where event has
most deviation. For example, in Table 5.1, the event User PressNext Report has a maximum
number of deviations because 190 cases of move on model were present. This deviation is
responsible for missing event pattern or interchanged event pattern. So, the traces that have a
maximum number of this event should be considered first. The second most occurring deviation
is User Open Report caused due to move on log responsible for causing interchanged event pattern or redundant event pattern or incorrect event pattern. So, the traces that have a maximum
number of this event should be considered second. The main reason for choosing the trace which
possesses the event with a maximum number of deviations in the log is because the raw fitness
cost is directly proportional to numbers of deviation of the events. Successive Deviation Reduction method is based on cost reduction. If the event with a maximum number of deviations is
considered first, then the cost will reduce more in the first step compared to the cases when the
event with fewer deviations is chosen. This helps in reducing the most prominent deviation and
focus on other deviations.

Event
User Open App
User PressNext Report
System Open Home
User Open Report
User Open AppTour

Synchronous Move
200
0
120
0
100

Move on Model
0
190
80
0
0

Move on Log
0
0
0
100
50

Table 5.1: Sample Event Statistics.

Observation of the Obtained Alignment: Observation of Obtained Alignment refers to
skimming through the trace and finding out the events that are deviated in most of the traces.
This method is similar to event statistics, however; the key difference in this method is the deviations are considered based on the study of visualization of the alignments. For example, in
Figure 4.12, it can be observed most of the traces have move on model responsible for missing
event pattern or interchange event pattern commonly at the first position and move on log on
its 11th position, so these deviations should be selected. Successive Deviation Reduction method
is based on cost reduction. So, if the event deviated in a majority of traces is considered first
then the cost will reduce significantly in the first step compared to the cases when the trace with
fewer common deviations are chosen. This method is useful if a less number of traces is available
because skimming through traces can be effective for event logs with less number of traces but it
can be hard if numbers of traces are high.

48

Analyzing Application Usage Logs to Understand the Users

CHAPTER 5. DEVIATION DIAGNOSIS

Step2: Scan along the trace and identify the pattern of each deviation in the trace. While identifying the deviation pattern, the first deviation of the chosen trace should be inspected and then the
subsequent deviations should be inspected. The process to move along the trace while inspecting
the deviations is shown in Figure 5.3.
Step3: If the deviation pattern is analyzable and the cause of deviation can be justified, then assign
the cost of deviation to 0 in the order of their pattern as described in Section 5.3.2
Step4: Continue Step1 through Step 3 until the common deviations and their cause are identified.
However, if the deviations are uncommon, then this can be specific deviations. These deviations
give insights on the exceptions that can occur. If these deviations are analyzable and the cause
of the deviations can be explained, then the cost of such deviations should be set to 0. If these
deviations are unanalyzable and the cause of deviations cannot be explained, then these deviations
can either give insights on the context or the unique behavior of the users. The context, in this
case, is a scenario where the process model failed to capture the real process or glitch in the
application/log implementation. If the deviation shows the unique behavior of users and the
deviation is not caused by an error in the application or the log, then this is the unique behavior
of the user. If the users were wrong, then there would not have been those events in the observed
behavior. The most common reason for deviations, in this case, is process model representing the
desired behavior of the user but the actual implementation of the application has been missed in
the model. The aim of this approach is to minimize the raw fitness cost of the trace. If the cost
of deviations is lower, this means the factors causing deviations have been identified.

Figure 5.3: Successive Deviation Reduction

5.3.2

Order of Deviation Patterns for Cost Reduction

The order in which the cost of deviation patterns should be reduced while following Successive
Deviation Reduction is described below:
Missing Event Pattern
While analyzing the deviations, first, the missing event pattern should be analyzed. If the cost
of missing events is set to 0 at first, then it inhibits the subsequent activities to be identified as
incorrect events. Thus, such order is important to check the cause of deviation [5]. For example,
consider the traces given below.
Comparing process model in Figure 5.4 with the Trace SampleMissingPattern, it can be observed that there is a deviation from the fourth position of the events. From the fourth position,
there can be two possibilities of deviation. It can be either a missing pattern or an incorrect pattern. If the event at fourth position is identified as an incorrect pattern, then all the subsequent
events will be identified as an incorrect pattern and the cost of the trace will be high. However,
this is not an incorrect event pattern, because when we proceed to fifth position, there is a synchronous move. Thus, to avoid this kind of mistake missing event pattern should be identified
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Figure 5.4: Sample process model of survey with 1 question.
Trace SampleMissingPattern:
<User OpenApp Menu, System Open Home, User Open SurveyQ1, System Open, ThankYou>

at first. Once the missing pattern is resolved, then the events that follow the missing event will
be aligned. Otherwise, all the events following the missing event will be counted as an incorrect
event. The characteristic feature of the missing pattern is described in Section 5.2.
Interchanged Event Pattern
Interchanged event pattern should be analyzed second because in this case, the position of one
event is changed with one or two (if there is any AND/OR split) subsequent events. So if a
pair of event deviates in this pattern then, numbers of deviations are more. And there is a high
probability that the subsequent events could also deviate. Locating interchanged pattern after
assigning the cost of missing pattern to zero can be done by observing if the is an occurrence of
move on log and move on model or vice versa for the same event with only a few events event
in its middle. If we compare process model in Figure 5.4 with Trace SampleInterchangedPattern
then, when we are in the position 3 of Trace SampleInterchangedPattern, the deviation appears as
an incorrect deviation because the process model expects User Open SurveyQ1 but instead there
is User ClickSubmit SurveyQ1. However, it is an interchanged event pattern as the position of
User Open SurveyQ1 and User ClickSubmit SurveyQ1 has been interchanged. Thus, interchanged
pattern should be analyzed second. The main characteristics of interchanged event pattern is
described in Section 5.2.
TraceSampleInterchangedPattern:
<User OpenApp Menu, System Open Home, User ClickSubmit SurveyQ1,
User Open SurveyQ1, System Open ThankYou>

Redundant Event Pattern
In the case of redundant event pattern, the deviation is caused by move in log as the same event
occurs more than once when it is unexpected. This deviation is easy to spot as there will be
consecutive move in log for the same event more than once. The details on redundant event
pattern is described in Section 5.2. While assigning the cost of deviation, this pattern should be
considered third because this pattern can also be confused with incorrect event pattern. When
we compare the process model in Figure 5.4 with the Trace SampleRedundantPattern, the event
User Open SurveyQ1 is repeated twice but when we analyze it, first it can be perceived as incorrect
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event pattern because the second event User Open SurveyQ1 is not supposed to be in the fourth
place of the trace. But we analyze that it is redundant pattern only after analyzing both the events
in third and fourth position. The details on redundant event pattern is described in Section 5.2.
Thus, Redundant event pattern takes the third position in the order of analysis to avoid any
confusion with the incorrect event pattern.
Trace SampleRedundantPattern:
<User OpenApp Menu, System Open Home, User Open SurveyQ1, User Open SurveyQ1,
User ClickSubmit SurveyQ1, System Open ThankYou>

Incorrect Event Pattern
An incorrect event pattern is the deviation pattern that occurs when unexpected events are observed in the log when something else was expected. There is a mismatch in the events between
the trace of the model and the trace of the log. Details on incorrect event pattern is described in
Section 5.2. Incorrect event pattern should be analyzed at last because there will be less possibility
of confusing the incorrect event pattern with any other deviation patterns. As discussed in the
missing event pattern, interchanged event pattern and redundant event pattern, incorrect event
pattern can easily be confused with the other event patterns. However, the cost of occurrence of
incorrect event pattern can be low compared to the other event patterns. Because the minimum
number of deviations that can occur due to incorrect event pattern is one but the other patterns
incur more than one deviations.
While conducting the experiment, numbers of events in the trace can be changed every time
the cost of events is changed. This is because the plugin employed in this experiment [4] uses the
A∗ algorithm that chooses the path with the least cost to map the log and the process model.

5.4

Experiment in Energia Application Prototype

The experiment on the Successive Deviation Reduction Method was conducted in the case study
of Energia Application Prototype. The prototype had 6 traces in the event log. During the deviation diagnosis, 10 τ -transitions were observed in the Petri net model of the Energia Application
Prototype. Thus, the cost of these τ -transitions was set to 0. This resulted in initial fitness cost
to be 21.83.
Step 1: Identify Missing Event Pattern
It was observed that 10 events were present in the model but they never occurred in the event
logs, thus, these 10 events were considered missing. The cause of these deviations was identified
and are described in detail in Section 6.1 and the cost for these events was set to 0. After reducing
the cost of these events, the average raw fitness cost was reduced to 14.33. The maximum number
of deviations in a trace reduced from 37 to 27 and the minimum number of deviations in a trace
reduced from 14 to 7.
Step 2: Identify Interchanged Event Pattern
In the experiment, two particular events, Open MICROSURVEY and Open HOMEFEED, were
interchanged in every trace of the prototype. In the entire log, only these two events were interchanged. Thus, the cause for this anomaly was identified and are described in detail in Section
6.1 and finally, the cost for these events was set to 0. This reduced the average raw fitness cost to
6.17. The maximum number of deviations in a trace reduced to 16 and the minimum number of
deviations in a trace to 2.
Analyzing Application Usage Logs to Understand the Users

51

CHAPTER 5. DEVIATION DIAGNOSIS

Step 3: Identify Redundant Event Pattern
In the case of Energia application prototype, there was no event consistently redundant throughout
the event log. Thus, this event pattern was not observed in the case of Energia Application
Prototype.
Step 4: Identify Incorrect Event Pattern
3 events were constantly being observed at the places where their occurrence was unexpected.
This irregularity was observed throughout the event logs. The cause of this irregularity was identifiable and is described in Section 6.1. The cost for these 3 events was set to 0. This reduced
the average cost to 3.00, the maximum numbers of deviation in a trace reduced to 10 and the
minimum number of deviations in a trace to 0.

Average Raw Fitness Cost

After incorrect event pattern, there were still 31 events which were deviated. Since there were
only 6 traces in this case study, the remaining deviated events were analyzed one by one. There
were many missing events at the prefix of the trace. Then the cause of deviation was explored
which are described in Chapter 6. One of the sources used to identify the cause of deviation was the
video recording of the screen of the user prototype usage test. From this video, it was discovered
that in the prototype test where that particular trace was recorded, there was a technical problem
on the user’s machine and he was unable to use the prototype until the test moderator restarted
the prototype. Another insight obtained from the deviation is every time the user was pressing a
button, the press event was recorded twice. In the video of that test, everything was smooth and
there was no technical glitch. One of the possible reason for this deviation can be that the user
has a habit of pressing the button twice. Besides, one of the lesson learnt from the experiment
was external resources obtained or used during the test can also help in identifying deviations.
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Figure 5.5: Average Raw Fitness Cost Decrease in Energia Application Prototype.

5.5

Experiment in Energia Application

Another experiment on the Successive Deviation Reduction Method was conducted in the case
study of Energia Application. The application had 742 traces in the event log. During the deviation
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diagnosis, 47 τ -transitions were observed in the Petri net model of the Energia Application. The
cost of these τ -transitions was set to 0. This resulted in initial fitness raw cost to be 4.61.
Step 1: Identify Missing Event Pattern
During the deviation diagnosis, it came to the recognition that 8 events were observed to be
present in the model but were never executed hence these events were never present in the log.
Thus, this was considered the missing event. Since the missing events and their cause of deviation
(described in detail in Section 6.1) was identified, the cost of this event was set to 0 which resulted
in an average cost to be 3.72. The maximum number of deviations in a trace remained constant
as 31 and the minimum number of deviations in a trace also remained constant as 0 but numbers
of synchronous event rose from 9998 to 10039.
Step 2: Identify Interchanged Event Pattern
The experiments showed some events that involved automated response from the system interchanged its place with the event prior to it in many traces of the prototype. For example, UserClicksNextPage1 and OpenPage2 events were interchanged most of the times. The cause of this
deviation is described in detail in Section 6.1. Thus, the cost of such events was set to 0. After
this, the average cost was reduced to 3.43. The maximum number of deviations in a trace was
still the same 31 but numbers of synchronous event rose to 10049.
Step 3: Identify Redundant Event Pattern
The events ema3 SendingFactsStarted and ema3 SendingFactsSuccesfullyFinished were repeated
consecutively in many traces of the event log of Energia application. This lead to the deviations
in the traces. The cause of this deviation is described in detail in Section 6.1. Since the cause
of occurrence of this deviation was identified, the cost for this event was set to 0. This reduced
the average cost to 3.12. The maximum number of deviations in a trace was still the same 31 but
the number of synchronous event rose to 10052. The number of synchronous events grew at a low
rate, it means that, this deviation pattern had the least occurrence in the event log.
Step 4: Identify Incorrect Event Pattern
During the experiment, 21 observed events in the event log were absent in the process model.
Thus, these events are unlikely to be considered in the application by the application stakeholders. These events are considered incorrect events. As the cause of this deviation was identified
and is described in detail in Section 6.1, the cost of such events was set to 0. This resulted in a
drop of average fitness cost to 1.75. The maximum number of deviations in a trace was still 21
but numbers of synchronous event rose to 10059.
In the event log, there was less difference in the reduction of a number of deviations in one trace
until the cost reduction of the redundant pattern. Since the deviation was consistent, particular
cause of this deviation was explored. It was found that this was the only case where the user
explored that part of the mobile application which the researchers were not focusing on. Although
this features were in the application, this was not modeled in the process model in detail as
the researchers thought this part will not be explored by the users. These deviations show that
although researchers expect the users to use some particular features in the application, they
explore the available features of the application as well.
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Average Raw Fitness Cost
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Figure 5.6: Average Raw Fitness Cost Decrease in Energia Application.

5.6

Summary of Alignment Based Conformance Analysis

In order to understand the application usage behavior of the users, the application usage behavior
of user was compared to the expectations of application stakeholders. This comparison helps
in understanding how the user is using the application so that the application stakeholders can
improve the application. The following steps were performed in order to perform this comparison:
1. Obtain the data logs of the user application usage in the form of the event log.
2. Obtain process model which illustrates the application stakeholders expectation on the application usage and the features supported by the application.
3. Perform Alignment Based Conformation Analysis which is described in detail in Section 4.2
on the event log and the process model.
4. Apply Successive Deviation Reduction method which is described in detail in Section 5.3 to
reduce the deviation.
5. Examine the deviations to gain insights.

5.7

Conclusion

In this chapter, alignment based conformance testing was performed which showed deviations
between the modeled behavior and observed behavior. This deviation gives valuable insights on
the observed behavior in the data enabled design research. Furthermore, the concept of assigning
the cost for deviation is introduced to calculate the intensity of deviation. A new method called
Successive Deviation Reduction was developed to identify the deviation and its cause. This method
first penalized all the deviations and when the deviations and its cause was identified, the cost of
these deviations was reduced to 0 so that we can focus now to identify the source of unidentified
deviations. These deviations have been studied to characterize various patterns of occurrence
of deviations which ultimately gives insight about the main point of deviation. Both Energia
application and its prototype, above-mentioned analysis have experimented. Thus, this chapter
helps in answering the research question “How to analyze the obtained logs to gain insights into
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application usage?” by illustrating methods to answer its sub question “What are the steps that
should be taken to analyze the obtained data logs?” Additionally, since both the application and
the event logs have been experimented with the same method of analysis, it can be concluded that
these analysis methods can be used in all the stages of application development.
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Chapter 6

Knowledge Gained From
Deviation Analysis
In Chapter 5, the methods of reducing the deviations have been described in detail. This chapter
provides insights on the type of deviations and the method to reduce the identified deviations.
This chapter focuses on answering questions like “Can these deviations be avoided in the first
place?” or “Is there anything to be learned from the deviations?” by analyzing the deviations.
While analyzing the deviations, following two points are noticed based on deviation diagnosis.
First, deviations can lead to insightful results and second, only unwanted deviations should be
avoided. This chapter mainly focuses on gaining learnings from the deviation diagnosis.

6.1

Factors for Deviations

The factors for deviation can be recognized and identified from the pattern and the cost of deviation. The cost of deviation signifies the intensity of their occurrence can be assumed. By
examining synchronous move, move in model, move in log, and invisible move, the point of occurrence of deviations can be observed. The deviation of events is influenced by external and internal
factors. The external factors are inevitable and are beyond the scope of the data enabled design
research. These factors can be a leading cause of missing event deviation, interchanged event
deviation, incorrect event deviation and redundant event deviation pattern. However, certain internal factors can be controlled by data enabled design research. These factors of deviations are
discussed in detail in further sections.

6.1.1

External Factors

In data enabled design research, data logs used for analysis are obtained from a remote server.
The application could have stored its data on Amazon Server Storage Service (Amazon S3)1 , IBM
Cloud2 , Microsoft Cloud3 , Google Cloud Platform4 , companys own data center, departments own
server and much more. This means the logging event depends on the server where the logs are
being stored. Clutchs best cloud service providers review of 20175 shows Amazon Web Services
as the best cloud service provider. Nevertheless, in Amazon S3 Service Level Agreement, it is
mentioned the highest uptime that Amazon can guarantee is less than 99.9% [1]. Although the
uptime of server is high, a glitch while storing or accessing data to and from the remote server can
exist. The remote server where the user’s data is stored should be accessed through the internet
1 https://aws.amazon.com/s3/
2 https://www.ibm.com/cloud-computing/
3 https://cloud.microsoft.com/en-us/
4 https://cloud.google.com/storage/
5 https://clutch.co/cloud
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when the user is using the application. This might also come into play when accessing or storing
the users’ data to and from the remote server. Besides, many other factors like a problem in
mobile device itself, low battery etc. are present.

6.1.2

Internal Factors

The internal factors causing various deviation patterns discussed in Section 5.2 are described
below:
Events not logged
These events are in the process model but left to be implemented in the logging. Here, the problem is in the log implementation part of the mobile application or the prototype. The possible
reasons for events being unlogged could be forgetting or missing to log the event by the application developers, unclear requirement specification for implementing logs; and miscommunication
between the stakeholders and the developers. In the case of a prototype of Energia application 10
events were missed to be logged and in the case of Energia application, 8 events were missed to
be logged. The events that are not logged is identified either by testing if the event is logged by
the application when that particular event is supposed to be logged or by querying the event in
the data log.
Differently Logged
The name of the event in the process model is different from the name of the event in the log
implementation. The deviations occur when the application developer implemented the events
differently in the event logs than the events mentioned in the process model. The possible causes
for logging the event differently could be some events were infeasible to implement so the developer
implemented the event differently, logging was made generic, and other application development
related issues. An example of different implementation of the event could be instead of scrolling
right and left, the next and previous button was implemented. Here, missing pattern and incorrect pattern of deviation can be observed. the differently logged event is identified by the log
implementation when the event described by the event name is performed.
In the case of Energia application prototype, the process model developed from the list that
researcher gave to the developer to implement the log, opening the application was indicated as
Open PHONE, however, while implementing the log, the developer implemented the same event
as the Open APPLICATION.
Programming Logics
During the application or the prototype development, some cases exist where the events are logged
when there is a trigger or when a particular action is executed. But there can be cases when the
trigger fails to occur, then the events should be logged. For example, if the home page can be
reached by clicking the home icon and when timeout happens in survey page. If an event of
accessing home page is recorded when the home icon is clicked but failed to be recorded when
a timeout occurs on the survey page, then there occurs a deviation due to programming logic.
Programming logics contribute to missing event deviation, interchanged event deviation, incorrect
event deviation and redundant event deviation pattern. The error in programming logics can be
identified by testing the log implementation when the same event is performed by using different
techniques.
For example in the case of Energia application prototype, the event homepage opening was
recorded when the page was loaded but when the users were redirected to that page, the event
was unrecorded. This disrupted all the subsequent traces in the alignment.
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Error in Implementation of Log
If there exists an error in the implementation of the log, then deviation is inevitable. For example,
if the event of the user pressing the home icon is logged every time the user press next button in
survey page then this deviation is caused by an error in the implementation of the log. This can
result in missing event deviation, interchanged event deviation, incorrect event deviation and redundant event deviation pattern exists Error in log implementation can be identified by testingthe
log implementation when the mistaken event is being logged.
In the case study of Energia application prototype, every time homepage was opened, at first
opening of the survey, the page was logged then only the opening of homepage was logged.
Facilitator-led remote user tests
In data enabled design research, one of the ways the mobile application prototype test is conducted
is by making the user to use prototype on facilitator’s computer device by sharing the facilitator’s
screen over the Internet. As the user is using remote desktop over the Internet, deviations due
to external factors described in Section 6.1.1 are inevitable. External as well as internal factors
can be responsible for deviations in this case. There exists high probability that during the test,
the facilitator sometimes takes control over the machine and use prototype. If a proper way to
differentiate the actions performed by the user and the facilitator cease to exist, then the event
performed by the facilitator will also be logged. This fails to represent the user interaction with
the application and hence gives misleading insights about the user application usage. In some
cases, the deviations can be clear, for example missing event deviation, incorrect event deviation
and redundant event deviation. But in some cases, the deviation might not be prominent. In this
case, other sources that were used to capture the user behavior at the time of test can be used to
find out the irrelevant events.
In the case study of Energia application prototype, a trace with a few incorrect event on the
suffix of the trace exists and the trace was unexpectedly long than the rest of the traces. During
the prototype test, the video of the screen of the users was being recorded. After the detail
examination of the video and comparing the video with the event logs, it was found that the trace
after the first incorrect event in the suffix was not the events performed by the user but by the
test moderator.
Automated background events
Automatically generated background events can give valuable insights on application usage. However, this might sometimes have negative sides as well. Due to the external and the internal cause
of deviations, the automated events may fail to execute in the time they were supposed to be executed. Instead, they might be executed in the time when other events are being carried out in the
application. This will disrupt the sequence of events being executed thus by causing missing event
deviation, interchanged event deviation, incorrect event deviation and redundant event deviation.
In the case of Energia application, automatic events were logged when the user submitted
inputs in the application. For example, when the user took the survey, these events were logged
to see if the user completes the action of submitting inputs to the application. The stakeholders
were expecting this event to occur just after something is submitted in the application. However,
this automatic event is logged after something was submitted as well as much after something was
submitted in the application.
Irregular attribute combinations
Considering the external factors and all the internal factors listed above, the deviation patterns
discussed in Section 5.2 are inevitable. Amidst all these deviations, if the events are obtained by
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combining two or more attributes in the log data then irregular attribute combinations can be
observed. This contributes in missing event deviation and incorrect event deviation. The analysis
of the cause of irregular combinations results in insights about the user application usage. The
detail explanation on the irregular attribute is presented in Section 6.2.1.

6.2

Reality Check on Data

Although the overall event logs depicted the real behavior of the application usage, many deviations
don’t directly represent reliable insights. Most of the deviation patterns illustrated in Section 5.2
are caused due to data quality problems. After data preprocessing, the data is ready to use for the
analysis. However, there can be some cases when exceptions on data exist. These exceptions can
be caused by three main reasons. First, the most common one is the users used the application in
a different way than the expectations of the application stakeholders. This gives insights on how
the users are using the application differently. The second reason is the deviations give insights on
the problems in log implementation of the application. The third reason is the data quality issues
which data preprocessing missed to cover because the problem in data was camouflaged with the
deviation that gives insights on user application usage. Thus, in order to perform reliable analysis
of such deviations, a reality check should be performed on the data. This check can be performed
by selecting the events that are causing deviation. If the selected event fails to provide a clear idea
on why the deviation is observed at that point then, selecting the event that follows the deviating
event and the event that deviating the event follows and analyzing these events can be handy.
This certainly gives an idea of what was supposed to happen and what actually happened. The
reality check on data helps in identifying those data that are giving incorrect information. Based
on the pattern of deviations, the issue in data can be classified into three major types which are
described below:

6.2.1

Outliers

The event log can contain the events that are not represented in the process model but something
totally different [33]. Such events are called outliers. Outlier either can result as incorrect event
deviation or interchanged event deviation pattern. This can be the outcome of various factors of
deviations, if we consider the factors of deviation mentioned in Section 6.1, it cannot be guaranteed that the stored data is accurate because the events are either incorrect or missing. However,
sometimes, these outliers are actual deviations and this can give new insights. In Chapter 3, while
identifying case or activity in the process, there was an approach to combine one or more attributes to generate case or activity that can provide clear information. However, if the data stored
in such attribute is either incorrect or missing, the resultant case or activity can represent ambiguous, misleading and sometimes even missing information. Nevertheless, it can sometimes give
new insights on the part that the application stakeholders might not have taken into consideration.
When the attribute combining approach was used to identify the activities in the case study
of Energia application, three kinds of activities were obtained.

Anticipated Activities:
Anticipated activities are the activities generated by combining relevant attributes in the log
which gave truthful information about the actions performed by the user and the application
stakeholders expected these activities. Some of such activities encountered in the test case of
Energia application are shown in Figure 6.1(a). For example, ema1 open represent the user opened
the ema1 page, ema1 UserChangesCurrentAnswer represents that the user changed the answer in
the ema1 question and so on.
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Unanticipated Activities:
Unanticipated activities are the activities that were generated by combining relevant attributes in
the log which gave truthful information about the actions performed by the user, however, these
activities were unexpected to the application stakeholders. These activities occurred in special
cases that gave the application stakeholders new insights on the user’s application usage behavior.
In the case of Energia application, an interesting observation was made from the unanticipated activities. When the application stakeholders were designing and developing the application,
they thought when the notifications are sent to the users to use one particular feature, the user
opens the application and starts using that feature. The notification was sent either to remind
the users to take a daily survey or to take UI/UX survey. So, the application stakeholders were
only expecting the activity name with the combination of either ema1 or uxQuestionnaire with
UserOpensAppFromNotification. However, while observing the deviations UserOpensAppFromNotification had many other combinations as well. This was caused due to two main reasons. The
user was using the application and they kept the application in the background and when they got
the notification, they opened the application thus, the combination of UserOpensAppFromNotification and the screen which the user was using when the application was sent to the background
was observed. Another reason for causing these combinations was when a pile of notification cards
was present. If the user is using the application and they have a pile of notifications and when
they open each notification, again the combination of UserOpensAppFromNotification and the
screen the user is viewing can be observed. Some unanticipated activities are shown in Figure
6.1(b). These findings gave important information for behavior researchers that the user uses the
application in different timings than the one they expected.
Inappropriate Activities:
Inappropriate Activities are the activities generated by combining relevant attributes in the log,
however, that fails to provide truthful information about the action performed by the user and
the combination cannot be realized practically. In the case of Energia application, several such
combinations were also observed, for example, there was no button on the home page but the
combination homepage UserClicksNextButtonInEMA was observed. It is impossible that a user
can change the application tour page when the user is in statistics page yet the combination statistics AppTourPageChanged 0 was observed. Some inappropriate activities are shown in Figure
6.1(c).

(a)

(b)

(c)

Figure 6.1: (a) Anticipated Activities (b) Unanticipated Activities (c) Inappropriate Activities

6.2.2

Incompleteness

If the event log does not have event or sequence of events that should be executed to complete a
trace then such traces have incompleteness issues [33]. These events are represented in the process
model but are absent in the event log. This issue results in missing event deviation, incorrect event
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deviation. The notion of completeness is important when analyzing the application usage [33].
Especially because the completeness of a trace give insights on the point where the users started
or stopped using the application. This provides an important information in the user application
usage analysis. The detail description of four major type of incompleteness is described in Section
5.2.

6.2.3

Exceptions

The event log consists of events which happen rarely. Such occurrences of rare events are called
exceptions. This issue results in interchanged event deviation and incorrect event deviation. In
the case of exceptions if the exceptions are critical then, the insights from the exceptions can
be communicated to data enabled design team. If the exceptions are trivial, then these can
be filtered out by following the data filtering mentioned in Chapter 3. In the case of Energia
application prototype, on one trace the user click event was always recorded twice. Other trace
didn’t have this issue so this issue was communicated to the data enabled design team to check if
the deviation occurred due to the external factors of the test, for example, the user, user’s machine,
and the Internet and so on when the test was performed. Similarly, in one of the trace of Energia
application, there was sequence of deviations which was never observed in any other traces. When
this trace was observed, the user was using that part of application which the researcher thought
the users will not use and this part was not modeled in process model. Hence, exceptions gives
interesting insights about user application usage.

6.3

Results from Experiments

After analyzing the deviations and taking into account data checks that are described in Section
6.2, the detailed analysis was performed to gain insights on various aspects of the user application
usage behavior. This analysis shows the logs that are obtained from the remote server when data
preprocessing methods described in Chapter 3 are performed and after that conformance analysis
described in Chapter 4 is performed and finally, deviation diagnostics described in Chapter 5 is
performed, can provide valuable insights on user application usage behavior. These insights can
be visualized using various platforms. For example, these can be presented used as a core and a
visualization can be developed based on the underlying platforms, or already available business
intelligence tools can be used for example Tableau6 , PowerBI7 and so on.

6.3.1

Energia Application

One of the hypotheses of the researchers of Energia application was that user tends to open the
application from notification more than they open the application from the menu. Thus, the users
were reminded to fill up the EMA survey, the main feature of Energia application and the UI/UX
survey to get constant feedback on the application through notification. The hypothesis of the
researchers was true. The graph in Figure 6.2 illustrates that the users opened application from
notification more than the user opened application from the menu. According to the analysis, 204
cases of users opening the application from menu and 464 cases of users opening the application
from notification were present. However, during the reality check on data described in Section 6.2,
new insights on user application behavior were observed. The insights showed that user sometimes
just keep the application in the background and start using the application when they receive the
notification. Another interesting finding was users might start using their application only after
sometimes they receive the notifications and sometimes the notifications are piled up for a long
time which results in having many notifications that are still to be checked. Consequently, the
notification gets stacked in the notification bar. When the user starts using the application, they
open the notification one-by-one. However, in this case, the user actually opened the application
6 https://www.tableau.com/
7 https://powerbi.microsoft.com/en-us/
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Figure 6.2: Comparison of opening application from Menu and Notification.

from the page where the users were currently in. Thus, the user also opened the application
from notification by clicking the notification although they were already using the application.
The initial hypothesis of researchers was “When the notification is sent to a user, then it should
be opened from either the EMA survey page if the notification is for EMA survey or UI/UX
questionnaire page if the notification is for UI/UX survey”. The result in Figure 6.3 illustrates
the user opened application from home page more 359 times and from EMA page only 6 times.
Besides, users also opened the application notification from statistics page, settings page, thank
you page, about page, developer settings page and other pages of EMA survey aside from the first
page of EMA survey.
While performing analysis, it was observed the most frequent action that the user performs was
taking the EMA survey. Approximately 62% cases in the event log had complete traces of EMA
survey. In case of EMA survey the trace is considered complete if the trace consists of <ema1 open,
ema1 UserClicksNextButtonInEMA, ema2 open, ema2 UserClicksNextButtonInEMA, ema3 open,
ema3 SendingFactsSuccessfullyFinished>. During the deviation analysis it was observed
ema3 UserClicksNextButtonInEMA was missing event so instead of
ema3 UserClicksNextButtonInEMA, the event ema3 SendingFactsSuccessfullyFinished has been
used to obtain the notion of completeness because this event can occur only if the user clicks
next button in the ema3 page. The results in Figure 6.4 depicts there is a significant decrease in
numbers of opening the ema1 page and then continuing the survey. The numbers dropped from
646 to 546. While continuing the rest of the survey had less reduction in the number. This can be
due to the fact that users are reminded to take the survey by sending the notifications and when
the user opens the notification, they are directed to an ema1 page logged as ema1 open. From
this point, user can also refuse to carry on with the survey so there is high possibility that the
user opened the EMA survey just because they were notified by notification and refuse to do the
survey.
While performing the deviation analysis, the event ema1 UserClicksBackButtonInEMA,
ema2 UserClicksBackButtonInEMA and ema3 UserClicksBackButtonInEMA were invisible events.
So it was interesting to understand if the user did not press back button when they were taking
62

Analyzing Application Usage Logs to Understand the Users

CHAPTER 6. KNOWLEDGE GAINED FROM DEVIATION ANALYSIS

Count of Event label

400

300

200

100

0
About

devSett

ema1

ema2

ema3

homePage settings

statistics thankYou

Pages of Application
Figure 6.3: Comparison of user opening the application from notification from different pages of
application.
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Figure 6.4: User answering subsequent questions in the EMA survey.

EMA survey or in other cases as well. There were two other places where the user can press back
and next button and those were UI/UX survey page and user report view page. In the EMA and
UI/UX survey pages, the back button is placed on the top as shown in Figure 6.5(a) and Figure
6.5(b) respectively. However, in statistics page, the back and next button are placed right above
the graph showing user’s report as shown in Figure 6.5(c). To clarify this concern, comparison of
the user pressing next and back button on these 3 pages was made. The result of this comparison
is shown in Figure 6.6. The graph in Figure 6.6 shows the users were pressing next button in
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(a)

(b)

(c)

Figure 6.5: (a) EMA survey page 2 of Energia application (b) UI/UX survey page of Energia
applications (c) Statistics page of Energia application

ema1 and ema2 pages more than 500 times. Pressing next button in ema3 is not shown in the
graph because it is a missing event. Having many pressing next button makes complete sense
because the user cannot proceed without pressing next button. But, not having even a single case
of pressing back button is strange because it is hard to believe 15 users were always confident
about the answers they gave and they had no need to go back and check or change their answers.
So pressing next event is not represented in the graph in Figure 6.6 as there was no such event.
In the case of UI/UX survey page, there were few cases of the user pressing back button. On
contrary, while viewing the report page, the users were pressing back more than next. This is
expected because the users want to compare their current report with their previous report. From
this observation, we can infer that pressing back depends either on the context or on design. For
example in the case of report viewing, the user might be interested in comparing their current
statistics with the previous ones so here they are comparing the data. Conversely, in the case of a
survey, the user press back button only when they are not sure about the answer that they gave
to the previous question. Moreover, the design of the back and next button is also different in
these two cases. In Figure 6.5(a) and Figure 6.5(b), we can observe the next and back button are
completely in a different place than the one in Figure 6.5(c).

6.3.2

Energia Application Prototype

In the case of Energia Application Prototype, users were given two choices for going from one page
to the other. The users could go to the other page either by clicking an icon or by pressing a card.
Users always chose to go to the other page by pressing a card than pressing an icon although the
icon and the card were in the same screen area. This finding showed that the user tends to use
cards rather than icons so important information should be kept in the cards rather than icons.
In addition, 5 out of 6 users specifically chose to change their notification settings however, 1
user was completely fine with being notified any time. This information was important for the
application stakeholders especially the application researchers because this shows 5 out of 6 users
are not convenient with the application notification timing and now they need to work on finding
which timing would be appropriate to send the notification.
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6.4

Recommendations for Logging

The factors of deviations described in Section 6.1.1 are something that the stakeholders of data
enabled design research cannot handle because it is beyond their scope. However, the stakeholders
can resolve the factors described in Section 6.1.2. Some possible ways to handle the internal factors
for deviations are described below:

6.4.1

Assign Case Identifications

One of the key attributes for process mining is the case [33]. A set of activities that are performed to
accomplish a task belongs to a case. For example, if a user wants to take a survey with one question.
To take this survey a set of activities are carried out. An example of complete trace to take a
survey is <User OpensApp Menu, System Opens HomePage, User Opens SurveyQuestion1,
User Answers SurveyQuestion1, User PressSubmitButton SurveyQuestion1,
System Opens ThankYouPage, System Opens HomePage, User TerminatesApp HomePage>. All
these activities belong to one particular case of the user taking the survey. Generally, in the case
of mobile application logs, session ids can be considered case ids but the logs are stored somewhere
on a remote server and the application developers have limited control over these cases. Thus, a
reliable case identifiers should be assigned to every case because it is a key attribute of the event
log. In Section 3.5.1 an approach of combining the existing attributes was adapted to generate
unique case identifiers if they cease to exist beforehand. Considering the factors for deviations
discussed in Section 6.1, there are chances that log can miss some important attributes. If the
attribute used to obtain case identifier are missed then, case identifiers can be misleading. Thus,
either a clear case identifiers should be assigned to every event in the event log or the attributes
that are combined to generate case identifier should be logged correctly. The former approach
can be useful as in this way even if something is wrong with the attributes used to generate case
identifiers or if some data is missing in those attributes, the events from the same case are identified
easily.
Analyzing Application Usage Logs to Understand the Users

65

CHAPTER 6. KNOWLEDGE GAINED FROM DEVIATION ANALYSIS

6.4.2

Assign Precise Activity Name

Another key attribute for process mining is activity [33]. Activity is the event that users perform
to carry out various tasks in the application. In mobile application activities, it is important to
have information on the type of event that occurred and where it actually occurred. For example,
activity like Press fails to give information on what the user actually pressed, however, PressNext Page1 gives clear information that the next button was pressed on page 1. Seven Process
Modeling Guidelines (7PMG) clearly states it is essential to have a clear and unambiguous name to
an activity [25]. Thus, an activity name should have the type of event and its context of occurrence.
Along with the type of event and the context of the event, if the activity gives information on
the agent that performed that event, it can be even more insightful for the researchers. It might
be interesting for researchers if there are events like User Open Home and System Open Home
because these events also give information on who performed the activity. Sometimes, the tasks
are automatically performed by the system and sometimes the same task is performed by the
user. Researchers are interested in knowing the users’ behavior in the context of the application
so giving insight also about the agent in the activity is a better naming convention. In the Figure
6.7 the application is opened from the menu, then home page is opened after that Q1 is opened,
Next is pressed in Q1, then data is opened and then home is opened and again data is opened then
finally the application is closed. For sure, this gives a clear idea about the application usage but
this does not necessarily provide information if the user actually performed the actions or their
actions were guided by the application. Figure 6.8 shows that user firstly opened the application
from menu, then the system loaded home screen to the user and user opened Q1 from home screen
then the user clicked next button then the system rendered open data to the user then the user
opened home after that user opened data then finally user closed the application. The naming
convention is shown in Figure 6.8 and this gives even precise information on the application usage
behavior of the user.

Figure 6.7: Activity with event and its context.

Figure 6.8: Activity with event, its agent and its context.

6.4.3

Give Unique Names to Different Activities

An activity names should represent only one specific activity that the user performed. Representing more than one activity with the same name will result in missing important information
during the analysis. Although this might give information about the user’s journey in the application, this will give less precise information on what the user actually did in the application. For
example, in the case of Energia application whenever the user was answering to a survey question,
the event UserChangedAnswerInEMA was recorded. But, this activity represents the activity of
user choosing an answer and another activity of user changing the answer which made it hard to
analyze how many times the user actually changed the answer and how to times the user directly
answered the question without changing it.
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Furthermore, if one activity can be performed in more than one way, then the names of the
activities that trigger this particular activity should be different. By logging all such activities,
comparison on the way how the user performed those particular activities can be made and this
can be interesting to the users. This will, in turn, help the researchers to understand the user’s
behavior well and make the application user experience better.

6.4.4

Communicate Requirements Appropriately

In data enabled design research, there are many stakeholders involved in the application design and
application development process. So, it is important that all the stakeholders use common terms
for events and the activities. At times, it can be hard for teams to use the same terms because,
in a multi-disciplinary team, people will have different backgrounds and area of expertise. They
will have a different way of representing the same thing. For example, for “background event”
people with one expertise might say “system event” and people with another expertise might call it
“automatic event”. Thus, this will result in conflicting terms that cause missing event or incorrect
event. Another problem that can be caused while the requirements are not communicated well is
the perception of the stakeholders which lead to the different implementation of the log. For example: If the user can see their daily reports in the mobile application by going into the Statistics
page and if they can go to this page by either pressing the icon of statistics or by pressing tiled
cards on the home page of the application. The researchers might be interested to know if most
of the users pressed an icon or the tiles but according to the software development perspective, it
might be efficient just to record that the user opened the statistics page by performing an event
on the home screen as recording this differently might be code redundancy. This will not give
insights to the researchers that they want.
One way to resolve this miscommunication is by making an event name tracker. This tracker
consist of a table with 3 columns which are:
Event: Event column consists of event names that are defined by the researchers. Researchers of
the data enabled design research team are responsible for filling up this column.
Refined Event: Refined event column consists of revised event names if the implementation
of event names in the log is different from the names proposed by the researchers. This column
should be filled up by the application and prototype developers of the data enabled design research
team. The application and prototype developers should fill up this column.
Refinement Tracker: This column consists of a Boolean value. If there is any refinement in the
event then the value for respective refinement tracker is 1 and if there is no refinement then the
value for this refinement is 0. The sum of value in this column will represent the total number of
events that have been refined by the application or prototype developers. This value makes the
communication between the researchers and the developers easy specially to track the number of
changes in the proposed log and its implementation.

Figure 6.9: Sample of Event name tracker.
A sample of Event Name Tracker is shown in Figure 6.9.
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6.4.5

Thoroughly Test the Log Implementation

To obtain meaningful insights about the application usage from the logs, it is essential to have the
logs correctly depict activities that the users performed. To make sure that the events are being
logged corresponding to the activities performed by the users, through a test of log implementation
should be done. Usually, during the application development, testing is more focused on the
functionality of the application rather than the log implementations. Consequently, the application
will work as expected but the log might not always be correct.

6.4.6

Consider Event Outside the Application Scope

There are events that can be performed in the mobile application as well as in the mobile device.
While logging the events, both of these events should be logged. Usually, an event like back and
next can be performed in the mobile application as well as with the keys in the mobile device. An
occurrence of both these kinds of events should be logged to gain better insights of the application
usage because the users might have a habit of using one of the two techniques and if that technique
is missed to be logged then the application usage analysis will have wrong results.

6.4.7

Assign Granular Timestamp

Users can perform many activities within a second in mobile applications. A detail description
of this issue has been described in imprecise data of Section 3.3. To analyze the user application
usage pattern, the activities performed by the users must be arranged according to their time
of occurrence. If the time is less granular, the activities can be ordered in different ways like
ascending order of their name which completely disrupts the trace. Thus, time should be precise
(preferably in millisecond) to get the right order of the events.

6.4.8

Clarify Point of Start and Termination

One of the flexibility of mobile application is starting and terminating the application at the
ease of the user. Clear starting point always makes it easy to locate where the user started to use the application, for example, User OpensApp Menu, User OpensApp Notification.
User OpensApp Background. However, the point of termination can be tricky because the user
can terminate the application at any point they want. Additionally, if the external factors are
considered, the user might not have terminated the application at all but the event could have been
missing. Consequently, there are significant circumstances when the application is terminated or
when the event log does not have the remaining trace of the application usage. Thus, the event
that triggers such termination should be logged to understand if the user actually stopped using
the application or the other factors resulted in missing events. For example,
• User CloseApp Report: User closed the application when he/she was in the report view
page.
• NetworkErr Report: There was network error when the user was in the report view page.
• System CloseApp Survey1: System suddenly closed the application when the user was in
survey page 1.

6.4.9

Differentiation between User Activity and Facilitator Activity

In the case of data enabled design research, usually, prototype tests are performed by the users
in facilitator’s machine over the Internet. So, cases can exist where the facilitator can take over
the control of the machine when the user has difficulties performing some actions in the machine.
So, it would be better if there exists a way which differentiates the facilitator’s activities from the
user’s activities because the researchers are more interested in understanding user’s activities and
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the facilitator’s activities are irrelevant in research. But if to differentiate between user activity
and researchers activity is impossible, then the analysis would have wrong results.

6.5

Conclusion

This chapter provides insights on the type of deviations and the method to reduce the identified
deviations. After discovering the factors of deviation, it was revealed that deviations are heavily
dependent on three major areas: the log implementation, the process model, and the application
usage. In addition, this chapter also focuses on obtaining the results after deviation analysis.
Besides, considering various factors of deviations, performing the re-assessment of data quality and
resolving the identified issues can help in the obtaining reliable insights on deviations. Nevertheless,
this chapter focuses on performing a reality check on the data of event logs and utilizing the
knowledge gained from Chapter 5. This chapter also emphasizes on identifying the learnings
gained in deviation diagnosis and using it in further analysis. The possible factors that could
lead to deviations have been discussed in detail in this chapter. Considering these factors while
implementing log in a new application can avoid the possibility of deviations beforehand rather
than deal with it later. The results depicted in this chapter shows user application usage behaviors
and discovery of new user behavior that provides valuable insights to the researchers in a data
enabled design research team. Finally, this chapter also helps in answering the research questions
“How to analyze the obtained logs to gain insights into application usage?” by answering its
sub-question “What insights about the application usage can be obtained from the logs?”
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Chapter 7

Conclusions and Outlook
This thesis work is primarily focused on analyzing user application usage behavior by exploring
the event log generated when the users are using the application in data enabled design research.
This analysis helps the application stakeholders in understanding the user-application interaction
which gives valuable insights in making the application better. In data based design research,
the design evaluation occurs in different stages hence, the analysis method should be reusable
so that the logged data generated in these stages can be translated into analyzable event logs.
In addition, people from a diverse background who are involved in data enabled design research
should understand, analyze, and gain insights on user application usage from these event logs.
Two main research questions were formulated based upn these problems:
1. How to obtain logs that can be used in data enabled design research?
2. How to analyze the obtained logs to gain insights into application usage?

7.1

Contribution of this Thesis

The aforementioned research questions were answered by performing three sequential tasks. The
first task predominantly focused on obtaining data and preprocessing it to perform the further
analysis. The second task mostly focused on analyzing the data to gain valuable insights. The
third task mainly focused on obtaining results which help in making the application experience
better.

7.1.1

Data Preprocessing

The initial step for understanding the user application usage behavior in data enabled design research was to identify the data source and obtain data from there. The data source in data enabled
design research range from local storage to remote cloud storage servers. After identification of
data sources, the data should be extracted from these data sources so it can be made available
for the further analysis. If the data source is in the local storage of the data analyst, then this
step might not be relevant. However, if the data source is on a remote server, or somewhere
in the enterprise storage device where access to data is limited for the analyst or in an external
organization, then the data should be obtained from these sources and loaded into the storage
where the analyst can access it without any limitations. The obtained data should then be observed thoroughly to understand the data and identify the relationship between every data element.
The data that are obtained from the data sources are not always ready-to-use. First, it can be
organized in a different form than the form required for the analysis. For example, it can either be
in structured, semi-structured or unstructured form. Therefore, in some cases performing analysis
on the obtained data will be relevant and easy but in some cases, it might not be possible or in
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some cases, it can be difficult. Additionally, the obtained data can have issues like missing data,
noisy data, incorrect data, imprecise data, inconsistent data, redundant data and unnecessary
data. If the data with these quality problems is analyzed then the results can be misleading
and incorrect because the data cannot be trusted. In the paper, “Data Cleaning: Problems
and Current Approaches [30]” authors Rahm and Do states that using the data which are not
preprocessed leads to “Garbage In, Garbage Out”. Thus, detail observations on the data should
be made to identify the quality problems. After that, these quality problems should be tackled by
performing data preprocessing namely, data cleaning and data transformation. All the challenges
in data might not always be solved by performing cleaning and transformation and sometimes,
the context of data helps in making the data more insightful. Thus, if the data appears to have a
quality issue, yet the context of data makes the issue explainable then, a hypothesis on the data
can also be made based on the context. After obtaining the clean data, it should be interpreted as
event logs to perform the analysis. To interpret data log as an event log, key elements like case,
activity, timestamps that are required to analyze the data by using process mining techniques
should be identified.

7.1.2

Analysis

The main objective of the analysis is to compare if the users are using the application according to the expectations of the application stakeholders or in a completely different way. Hence,
Conformance Analysis is performed to make a comparison between the modeled behavior and the
observed behavior. Two main requirements for performing Conformance Analysis are the event
log of user application usage and the process model describing the expectations of the application
stakeholders and the features allowed by the application. The event logs are obtained from the
data preprocessing step and the process model is developed usually when the application development plan is being made. However, not all the application stakeholders develop the process model.
In that case, the process model should be developed based on the information provided by the
application stakeholders in the data enabled design research team and exploring the application
that users are using.
When both the data and process model are obtained, conformance analysis should be performed by aligning the log with the model. This technique of performing conformance analysis is
Alignment Based Conformance Analysis. Aligning log with model gives an idea about the points
where the users deviated from the expectations of the application stakeholders. These deviations
can be categorized into various patterns like missing events, interchanged events, redundant events,
incorrect events and the combination of these patterns. While aligning the log with the model, all
the deviations are penalized by assigning a cost. Then, Successive Deviation Reduction method
is developed to identify the deviation and the factor that cause this deviation. This method first
identifies the deviation, analyze the deviation by categorizing it into a pattern, identifies the cause
of deviation and reduce the deviations by cost-based approach. The main objective of Successive
Deviation Reduction is to identify the deviations and its cause by reducing its raw fitness cost
because the raw fitness cost is directly proportional to the deviations.

7.1.3

Obtaining Insightful Results

While using Successive Deviation Reduction method, two main factors were responsible for causing the deviation. First was the external factors, controlling these factors are beyond the scope
of the data enabled design research team for example server settings, server downtime, internet
bandwidth quality, mobile device, low battery and so on. The second factor was the internal
factors that could be handled by the data enabled design research team.
The internal factors that contributed to the deviations are event not logged at all, event differently logged, programming logic, error in the implementation of the log, facilitator-led remote
user tests, automatic background events and irregular attribute combinations. Considering all
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these factors, the obtained event log can still have some outliers and exceptions. The outliers
and exceptions are expected because this gives insights about user application usage and where
the application should be improved to make the user experience better. In addition, it also gives
insights about the glitches in logs implementation, application error which is not exactly what the
researchers are expecting but it gives the reason if the user actually deviated or the application
led them to deviate or the user did not deviate and just logged wrongly. Thus, these outliers, exceptions, and other deviations can be observed to gain insights about the reality of how the users
are using the application and how does it differ from the application stakeholders expectations,
hence where in application improvements should be made to make user experience better.
In general, the factors for deviations can broadly be classified as application usage, logging
implementation and the scope of the process model. The application usage gives insights on the
unique behavior of the users so this is insightful for data enabled design research team. Logging
implementation refers to all the mistakes in data logs due to the wrong implementation of the log.
The process model defines the scope which the application stakeholders want to analyze the user
application usage. And sometimes the process model miss representing the features supported by
the application which is not the area of interest of the researchers. But since these features are
in the application, the user uses it. This is shown as a deviation in the analysis. This deviation
gives the researchers information that although they do not expect users to use the application,
they still use it. Finally, by analyzing the deviations and their cause, the various insights on
user application usage can be gained for example where did the user deviate the most, where did
the user deviate the least, which user interface element did the user find appealing, which user
interface was misleading to the user, which feature was confusing to the user and many more.
In a nutshell, data preprocessing phase provided knowledge on obtaining the user-application
interaction data and preprocessing it to make it analyzable to obtain the user application usage
behavior. This helped in answering the research question “How to obtain logs that can be used
in data enabled design research?” Furthermore, during the analysis phase, sequential methods on
analyzing the data were performed and a new method was developed to identify the deviation and
its cause. Thus, it further helped in answering the sub question of the second research question
“What are the steps that should be taken to analyze the obtained logs?”. Additionally, after
the analysis of the deviations, many insights about the application usages were obtained. This
helped in answering another sub question of the second research question “What insights about the
application usage can be obtained from the logs”. These in-turns helped in answering the main
research question “How to analyze the obtained logs to gain insights into application usage?”
The case studies used in this thesis was an application and the prototype of the application.
Same experiments and methods were performed in both the case studies. Thus, from this, we
can conclude that same log obtaining and analysis techniques can be used in various stages of
application development in data enabled design research.

7.2

Outlook

This thesis is an outcome of six months of internship thus, this leads to the room of extension
and improvement of the current work into two major dimensions. The first dimension is research
dimension and the second dimension is service dimension which are described below.

7.2.1

Research

In this thesis, the analysis has been performed on unique trace level. Each unique trace is considered one trace category. In other words, only the traces which consists of same events are
considered of the same trace category and the traces that have even a single event extra but
representing the same activity as the other trace are considered of different trace category. For
example, if there are the traces listed below:
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• Trace 1: <Use OpenApp Menu, System Open Home, User Open Data, User PressNext Data,
User CloseApp Data>
• Trace 2: <User OpenApp Menu, System Open Home, User Open Data, User PressBack Data,
User CloseApp Data >
• Trace 3: <User OpenApp Menu, System Open Home, User Open Data, User PressNext Data,
User PressBack Data, User CloseApp Data >
The current method is appropriate for the scenario when the application stakeholders want to
analyze these traces as unique traces. For example if we consider the example traces listed above
Trace 1, Trace 2 and Trace 3, the application stakeholders will gain analysis results in detail like
deviations when the users were pressing next in data page, deviations when the users were pressing back in data page, deviations when the users were pressing both next and back in data page.
There can be situations when the application stakeholders want higher level analysis, for example,
deviations when the user was navigated in the data page. For these scenarios, further research can
be done on clustering the traces based on the requirements of application stakeholders to gain a
generalized overview of the task that belongs to the same category. Trace clustering is a method
that clusters a set of cases together so that these cases can be represented adequately by a process model [11]. This will give the application stakeholder insights on various level of application
usage. Thus, a research question rose, “Can trace clustering techniques be used to provide a generalized overview of application usage of mobile application users in data enabled design research?”
Furthermore, mobile application development in data enabled design research involves iterative
steps of application development. The aim of each step is to identify the problem and bottlenecks
in the current version of the application and make the application experience better in the subsequent versions. If there are some insights from the current application or log implementation for
improvements that should be incorporated to make the subsequent version of the application and
the logs better, model repair can be an approach. Model repair is an approach to make a change
in the original model so that the repaired model can replay the event log in the same way as
the original model and sometimes even extend the current model with events to recommend new
features [15]. Model repair provides an easy way to document the changes in the process model in
every iterative step of the data enabled design research. In addition, it also helps in making the
communication process smooth and documents the changes efficiently in the data enabled design
research team. This thesis provides a basis for the research question “Can model repair technique
be used to document and communicate the change of process in the iterative steps of data enabled
design research?”
Besides, in this thesis work four deviation patterns, namely, missing event pattern, interchanged
event pattern, redundant event pattern and incorrect event pattern has been identified to analyze
common deviations in the traces. Since these four deviation patterns have unique characteristics,
this can be automated. In addition, Successive Deviation Reduction Technique also possesses
clear method to identify the deviation and its cause. Hence, this method can also be automated.
Making these methods automated will make the deviation analysis process efficient, faster, and
easier.

7.2.2

Service Implementation for Data Enabled Design Research

The analysis methods that are described in this thesis experimented the case study of Energia
application and its prototype. The application stakeholders of data enabled design research team
in Philips Design who were analyzing Energia application found the results of the experiments
insightful. Thus, they are using the approaches described in this thesis in their upcoming tests.
During the experiments conducted for Energia application and its prototype, all the implementation were done in local storage. However, for the upcoming tests, the data preprocessing approach
has already been deployed on Philips server which can be accessed by authorized stakeholders
of data enabled design research team. Still, the analysis steps are limited to the local machine
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of the analyst. However, based on the preprocessed data and the results of analysis obtained
during the experiments, visualizations are being developed according to the requirements of the
application stakeholders. Some of these visualizations are already deployed in Philips server. One
of the visualizations is shown in Figure 7.1. Hence, it can be observed the need of understanding

Figure 7.1: Visualization of analytics of user application usage.
user application usage behavior is growing in data enabled design research. In the long run, many
applications of data enabled design research are expected to use this method. If the same method
is used to analyze the user application usage in multiple applications and prototypes then, the
process will be repetitive, inefficient, and unscalable. For example, if there are multiple applications where user application usage is to be analyzed then a new instance of current service must be
implemented every time. So every time a new application must be analyzed it will take significant
time and resource for setting up the test. Thus, this process can be automatized by creating a
service for data enabled design research to facilitate the team to perform the user application usage
analysis without any extra effort. The architecture for prospective service is shown in Figure 7.2.

Figure 7.2: The architecture of possible logging service.

Logging and Analysis Service
The process of identifying the data source, extracting the required data and preprocessing it
to make it analyzable provides a complete package of logging and analysis solution. Thus, a
service that handles logging and analysis processes should be developed to facilitate the application
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stakeholders to perform an end to end analysis of the users. Logging and Analysis service should
be responsible for performing the user application usage analysis that provides valuable insights
to make the application experience better. The methods and solutions that are implemented and
developed in during this thesis work provide a strong base to develop this service. This will be
like an engine for application usage analysis for all the applications which will use this service.
Business Logic Service
In Data Enabled Design Research, different applications have different business rules. For example,
depending on the application and the project why the application is being developed, the way data
is generated, stored, modified, and analyzed can be different. For example in some applications,
due to privacy issues, it might be irrelevant to store the identification of the user. On contrary, in
some application, the entire application might be about getting to know more about user behavior
and response personally. Thus, to provide an easy way for application stakeholders to deal with
different business rules during the user application usage analysis, Business Logic service should be
developed. This service should communicate with Logging and Analysis service to apply business
rules of the application on the data to provide valuable insights to the application stakeholders.
Prototype and Application Service
In data enabled design research many prototypes and their applications are developed. Hence,
prototype and application service should be developed to provide a platform where any mobile
application and its prototype developed by following Data Enabled Design Research approach can
easily access the benefits of logging and analysis service. Since each application and its prototype
has its own business rules, the Prototype and Application service should interact with the Business
Logic service to access the benefits of Logging and Analysis Service. This service will be a platform
for prototype and the applications to perform user application usage analysis.
User Profiling Service
In Data Enabled Design Research, the tests are generally user focused. For application stakeholders, to have a dedicated service which profiles the users is convenient because sometimes the
application stakeholders prefer to have the users who have already participated in some other test
or who have certain characteristics. If a service which deals with the user profiling exists, then it
provides an efficient way for application stakeholders to find the users for their tests. However,
having this service in data enabled design research can have concerns because profiles of user test
in data enabled design research can be categorized into three major categories illustrated below:
1. Tests that are completely anonymous and storing any information of the users is prohibited.
2. Tests that are partially anonymous where it is illegal to store all the information of the users,
however, a little information of the user can still be stored.
3. Tests where all the information of the users can be stored.
These categories are influencing the type of data that should be logged for user application usage
analysis. For example, a basic attribute like user name can not be stored in all the case listed
above like in anonymous test the user name should not be stored, however, in some test where
anonymity is not a problem, the user name can be a significant attribute in the analysis. Thus, to
handle all the user related information, user profiling service should be developed. User profiling
service should interact with business logic service because business logic service handles all the
business rules of the application that the users are using.
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Community as a Service (CaaS)
In Data Enabled Design Research, the application stakeholders use CaaS to interact with the test
users. This provides an effective means of communication between the application stakeholders
and the users. Whenever the application stakeholders have any question for the test participants,
they post it on this platform and users answers to their posts. Users are on-boarded to the mobile
applications from this platform. However, after the user are on-boarded to the mobile application,
it is unlikely to link the user in these two platforms. Thus, this missing link can be gained by
making CaaS interact with the Business Logic service. Based on the business rules of the research
or the project that the application stakeholders are performing, Business Logic service will enable
CaaS to interact with User Profile service and Prototype and Application service. This will help
the application stakeholders analyze the end to end behavior of the users. For example, if there
are significant deviations in answer to an important question of a survey of one user. And if that
user is not active in answering the posts of CaaS, then the researcher and with the use of these
services, the researcher can contact the user and ask about the deviation in detail to understand
what exactly is going on.
Implementation of the above-listed services in data enabled design research will be beneficial
not just to the data enabled design research team but all the other teams that are associated
with this team. Making this services clearly scopes the functionality of each service which can be
used not only in data enabled design research but also in other research where its functionality
is relevant. Since these services are modular it will be easy for other research teams to use these
services to perform their research. Also, making all these services will make the coupling among
the services loose which will be beneficial if a problem in one service is present. For example,
if there is a problem in user profiling services then the process of analyzing application usage
behavior will be unaffected by this problem. Making these services will also promote abstraction,
discover-ability, encapsulation, and autonomy of each service [27]. This will definitely have data
enabled design research team to scale up.
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A.1

Subjective data gathered during prototype testing

Attribute
Screen UI Element
Type of data

Value of data

User state/response

Response
to
screen/UI element
User’s interpretation in test

Description
Current screen of the user.
Characteristics of data being recorded. For example, activity of the user
(Click, Scroll, Look), time duration. This describes the type of attributes
recorded in the “Value of data” column.
Value of data that is being recorded. For example long or short for
time duration, back and forth for sequence, observation for look. This
describes the value for the “Type of data” column.
was recorded when the user was spending a lot of time in observation, Desirable was recorded when the user spent approximately similar amount of time in the screen as estimated by the test mod- erators
or performed the events in the screen that was expected by the test
moderators, Undesirable was recorded when the desired response was
not obtained.
Response or reaction of the user for the current screen. For ex- ample,
engaged, confused, expectation formation.
User’s interpretation about the current screen. For example, difficult to
understand what they see, ignored introduction, did not want to read.

Table A.1: Subjective data gathered during prototype testing.
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A.2

Data description of prototype eventlogs

Attribute
Date

Name

Id
Date
Name
Category

Event
Info

Duration

Description
Timestamp of test start for a particular test participant. This is the
timestamp of the time when the test participant actually started the
test.
Identification name of the test participant. Since this is an application
related to health, there could be data privacy and security issues [24] to
record the real identification of the test participant, so a codename has
been assigned to all the test participants to maintain anonymity.
Identification code of the event.
Timestamp of the time when the test participant executed a particular
event.
Identification name of the test participant which is same as the Name
mentioned before.
Identification name of the page or information on the application screen.
There are various kind of category within the application for example
INTRO refers to the Application Tour, MICROSURVEY refers to the
survey related to Sleep, Activity, Location, Energy Level, PERISURVEY
refers to the survey related to UI/UX and so on. Since this is a prototype
there is only one page for each category. In this prototype there are 11
unique categories recorded in the event logs.
Event Performed by the user. For example Open, Fill, Click and so on.
Additional note or remarks about the event. For example the answer
given by the user or the name of button pressed by the user. Since this
is a prototype mostly there are only one button per page.
Time taken for the occurrence of the event from the start of the application.
Table A.2: Data description of prototype eventlogs.
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A.3

Data description of Energia application eventlogs

Category

application

Attribute
id
event type
event timestamp
arrival timestamp

event version
app id

cognito identity pool id

package name

sdk.name
sdk.version

client

title
version name
version code
client id

cognito id

device

locale.code
locale.country
locale.language
make

model
platform.name
platform.version
session

session id

Description
Identification of event.
Name of event.
Timestamp of the event occurrence.
Timestamp when the event was received by Amazon Mobile Analytics
servers, expressed as an epoch time
with milliseconds.
Version of event.
Application ID that was used to
identify the application. This ID was
assigned on the Application Management page of the Amazon console.
If Amazon Cognito was used, this is
the Amazon Cognito identity pool ID.
If not using Amazon Cognito, this attribute will not exist.
Name of package which identifies in
which environment the application is
being executed. For example: Developer, Test, Staging, Production.
Name of SDK.
Version of the Mobile SDK used by the
application.
Title of the application.
Version Name of the application.
Version Code of the application.
Identification code used to correlate
events from the same application instance.
If Amazon Cognito was used, this is the
Amazon Cognito client ID. If not using
Amazon Cognito, this attribute will not
exist.
Location code of the device using the
application.
Country of the device using the application.
Language of the device using the application.
The maker/manufacturer of the device
(LG, Samsung, Motorola, HTC, Huawei).
Model of the device.
Operating System the device is running.
Operating System version of the platform.
Identification code for all events that
occurred in the same session.
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start timestamp

attributes

Timestamp when the session began, expressed as an epoch timestamp with
milliseconds.
percentY
Y-coordinate of the screen of the device
in percentage.
percentX
X-coordinate of the screen of the device
in percentage.
dateLogged
Recorded date of the event.
payload
Extra attribute if there is any.
pageY
Y-coordinate of the screen of the device.
pageX
X-ordinate of the screen of the device.
userId
Identification code of the user.
hashedEmail
Hashed email id of the user.
currentScene
Screen where user is performing the
events.
payload.facts.location.0.name
Name of the fact in this case it is location.
payload.facts.location.0.valueType Value type of location.
payload.facts.location.0.value
Location of application usage.
payload.facts.activity.0.name
Name of the fact in this case it is activity.
payload.facts.activity.0.valueType Value type of activity.
payload.facts.activity.0.value
Activity that the user is doing at the
moment of app usage.
payload.facts.energy.0.name
Name of the fact in this case it is energy.
payload.facts.energy.0.valueType Value type of energy.
payload.facts.energy.0.value
Level of energy of the user at the moment of app usage.
createdAt
Time of creation of the Logfile (Added
automatically when the file is downloaded from Amazon S3).
updatedAt
Time of update of the Logfile (Added
automatically when the file is downloaded from Amazon S3).
Table A.3: Data description of Energia application eventlogs.
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A.4

Resultant columns of Prototype eventlog after data
processing

Attribute
Name
ID
Date
Category

Event
RefinedEvent
Info
Duration
EventLabel

Description
Anonymized code name of the test participant.
Identification code of the event.
Timestamp of the time when the test participant executed a particular
event.
Category of the page or information on the application. Since this prototype has mostly one page per category, it is basically like the current
screen.
Event Performed by the user (Raw).
Event Performed by the user (Refined and Readable).
Additional note or remarks about the event.
Time taken for the occurrence of the event from the start of the application.
Combination of readable events (RefinedEvent) and page where the event
occurred (Category). This gives information on which event occurred in
which page.

Table A.4: Resultant columns of Prototype eventlog after data processing
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