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A quality-focused explainability approach for robot mission planning
Explaining the impact of quality attribute prioritization on self-adaptive systems’
behavior
Erik Nilsson
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg

Abstract
Self-adaptive systems adjust their behavior in response to changes in their environ-
ment and plan their actions by prioritizing different quality attributes, such as travel
time, safety, and privacy. These systems are seen as black boxes, and stakeholders
find it challenging to understand their behavior. This study aims to help humans
better understand how the prioritization of quality attributes affects the actions of
self-adaptive systems. We used design science research to identify, explore solutions
for, and mitigate key challenges stakeholders perceive in understanding the behav-
ior of self-adaptive systems. Our research led to the development of a tool that
uses a combination of visual and text features to provide both a descriptive and a
contrastive explanation of the system’s behavior. The tool was evaluated in a think-
aloud study, and our findings suggest that using our developed tool can significantly
mitigate stakeholders’ perceived challenges, especially the complexity.

Keywords: Self-adaptive system, prioritization, quality attribute, utility function,
cost function, contrastive explanation, automated planning.
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1
Introduction

Self-adaptive systems are systems that adjust their behavior in response to changes
in their environment, e.g., autonomous vehicles and robots. By adapting to chang-
ing conditions, these systems can minimize downtime, reduce errors, and optimize
resource utilization [1]. Additionally, self-adaptive systems can enhance the user
experience by providing personalized services and accommodating individual pref-
erences.
A crucial part of self-adaptive systems is generating a plan of the actions to be
performed. Self-adaptive systems plan their actions by considering multiple qual-
ity attributes, which are measurable properties of the system or its surroundings.
Examples of quality attributes are travel time, safety, and energy consumption. To
effectively balance and trade-off these attributes, they must first be encoded, most
often in a utility function [2]. Utility functions map human preferences to a numeri-
cal output, commonly normalized between 0 and 1, where 0 is the worst-case utility
value, and 1 is the best-case utility value [24]. Utility functions are used in economics
and decision theory to numerically explain human behavior and decision-making.
A utility function is defined by the sum of weighted quality attributes in most related
work [3, 24, 21]. For example, we may consider the utility function for a plan p

u(p) = x ∗ Utravel_time(p) + y ∗ usafetey(p) + z ∗ uenergy(p)

, where x, y, z ∈ R+, and x + y + z = 1.
For self-adaptive systems to plan the optimal path in relation to their current pref-
erences, they rely on an automated planner [1]. Concretely, an automated planner
chooses the plan with the highest utility value. This automated planning is also
constrained by hard requirements, e.g., preventing harm to humans and maintain-
ing sufficient energy levels.

Creating a self-adaptive system involves multiple stakeholders with a multitude of
different preferences. This difference in preferences varies vastly even within the
same category of stakeholders (e.g., end users or engineers). The stakeholders find
it challenging to determine the different quality attributes’ effect upon automated
planning [24]. Since the weights in a utility function are often manually tuned, the
stakeholders require tools and decision-making techniques to assist their prioritiza-
tion of quality attributes and reaching consensus on the prioritization [4, 5].

1



1. Introduction

1.1 Problem Description
Self-adaptive systems are becoming increasingly ubiquitous for dynamic systems in
the software engineering domain [3]. However, due to the complexity and dynami-
cally changing properties of self-adaptive systems, stakeholders of these systems find
it challenging to understand their behavior [24]. These systems are mostly seen as
black boxes, where x goes in and y comes out, without understanding the reasoning
for why the specific outcome was the result. This lack of understanding negatively
affects the prioritization of quality attributes, as the stakeholders don’t understand
how to properly prioritize the quality attributes in order for the system to generate
their desired output [7].
Improving human understanding of self-adaptive systems can enhance the decision-
making process of prioritizing quality attributes, increasing these systems’ efficacy
[8]. Increased efficacy may contribute to the field of software engineering by aid-
ing the broader adoption of self-adaptive systems, given their potential to adapt
dynamically to changing conditions.
Increased efficacy may aid the broader adoption of self-adaptive systems, as they

1.2 Purpose of the Study
This study aims to help humans better understand how the prioritization of quality
attributes affects the actions of self-adaptive systems. To achieve this, a tool has
been developed using design science [9]. This tool is designed to help users visualize
and understand how their prioritization of quality attributes affects the automated
planning process in a self-adaptive system.
The effectiveness and usability of this tool have been evaluated using a think-aloud
study, a method commonly used in usability studies to understand the user’s thought
process as they interact with a tool or a system [18].

Three key research questions have been defined to accomplish the goal of this study.
They are divided into the phases of a regulative cycle: RQ1 what are the perceived
challenges, RQ2 potential solutions, and RQ3 to what extent can the potential
solutions mitigate the perceived challenges [9].

RQ1: What are stakeholders’ challenges with understanding how the prioritization
of quality attributes affects the behavior of self-adaptive systems?
To develop a tool that helps stakeholders better understand quality attributes’ pri-
orities effect on automated planning, it is essential to understand what difficulties
the stakeholders have with understanding them.

RQ2: Which potential solutions exist to help the stakeholders better understand how
the different prioritization of quality attributes affects the behavior of self-adaptive
systems?
There is no single supreme solution to this problem. It is therefore required to as-
sess different solutions and choose one that’s impactful enough and can be developed

2



1. Introduction

with the given resources and the given time restriction.

RQ3: To what extent can frequently occurring challenges with understanding the
prioritization of quality attributes’ effect on the self-adaptive systems’ behavior be
reduced?
The goal is to help stakeholders assess the impact of quality attributes’ priorities on
generated travel plans. Therefore, it is necessary to understand to what extent the
tool can help them.

1.3 Significance of the study
This study aims to benefit both stakeholders of self-adaptive systems and researchers
in this research area. In addition, this research addresses a gap in the current under-
standing of the effect prioritization of quality attributes has on automated planning.

The contributions of this study are twofold and advance the state of the art in the
field. Firstly, the stakeholders benefit from the contribution of an empirically evalu-
ated prototype design artifact that helps users better visualize and understand how
their prioritization of quality attributes affects automated planning. By bridging
this gap, the artifact enables stakeholders to make better-informed decisions when
prioritizing quality attributes.
Secondly, this study provides useful solutions to mitigate stakeholders’ challenges
of understanding how the prioritization of quality attributes affects the behavior of
self-adaptive systems. Researchers may use these solutions to make further advance-
ments within the domain of self-adaptive systems. They may also use this study’s
empirical insights to better understand how humans reason about quality attributes
and priorities and how they understand robotic systems.

This prototype artifact is, to our knowledge, the only tool that helps stakeholders to
assess the impact their utility function has on generated travel plans in self-adaptive
systems for robotics.

1.4 Thesis Outline
Section 2 explains key terminology and provides an example of a robot mission plan.
Section 3 presents related work. Section 4 describes the research method. Section 5
presents the design artifact and the rationale behind its implementation decisions.
Section 6 presents our findings related to our research questions. Section 7 discusses
our findings, describes threats to our research’s validity and how we mitigated them,
and provides insight into potential future work. Section 8 summarizes this thesis
and provides key takeaways.

3
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2
Background

This section explains key terminology related to self-adaptive systems and stake-
holders’ struggles with prioritizing quality attributes. It also provides an example of
how a self-adaptive system generates its automated plan and how the prioritization
of quality attributes affects it.

2.1 Self-adaptive systems
Self-adaptive systems are systems that adjust their behavior in response to changes
in their environment, e.g., autonomous vehicles and robots. By adapting to chang-
ing conditions, these systems can minimize downtime, reduce errors, and optimize
resource utilization [1]. These systems play a crucial role in applications where
adapting to dynamic conditions is essential for the system’s functionality and ef-
ficiency, such as robotics and cloud computing [6]. An example of this is a robot
vacuum cleaner. The robot needs to adjust its path planning depending on obstacles
it encounters, and it needs to always have sufficient battery to make the trip back
to its charger. Another example is video streaming. Most video-streaming services
can automatically adjust the quality of a video stream in real-time based on the
condition of the end user’s connection.

Figure 2.1: IBM’s MAPE-K framework [12]

IBM’s MAPE-K is a framework commonly used for self-adaptive systems [1]. The
MAPE-K framework is a feedback control loop that enables a system to monitor,
analyze, plan, execute, and store knowledge to improve its performance over time,
see Figure 2.1. In this study, we focus mainly on the planning part of the framework.
In the context of this study, planning most often refers to automated planning of a

5



2. Background

path for robots to traverse. However, planning may also refer to a computer system’s
plan to reallocate resources to improve its health, e.g., Kubernetes1 deploying self-
healing pods in containerized cloud computing.

2.2 Quality attributes, utility functions, and cost
functions

Self-adaptive systems use a multitude of different quality attributes for their auto-
mated planning. A quality attribute refers to a characteristic of the system that
is used to evaluate its performance, e.g., speed, safety, and energy level. These
quality attributes are necessary for ensuring that the system can adapt to changing
conditions in the environment, such as changes in workload, resource availability, or
security threats [11]. By monitoring and measuring these quality attributes, a self-
adaptive system can make informed decisions about adapting to changing conditions
to maintain or improve its performance [1].
Consider a self-flying robot that delivers packages. It has to be fast enough for
the company’s logistics to run smoothly, so it needs to focus on speed. But it’s
even more important not to damage the package, humans, and properties, so safety
is required. The drone is also constrained by having enough battery to make the
delivery and return home, requiring it to be energy-efficient.
Self-adaptive systems encode these quality attributes in a utility function, which
enables the system to plan a path that depends on these quality attributes. Utility
functions are usually constrained by some restrictions, e.g., don’t deplete all fuel. A
utility function is defined, in most related work [3], by the sum of weighted quality
attributes. Stakeholders set these weights and will decide how the self-adaptive
system plans its path.
A cost function is an alternative mathematical function to encode quality attributes.
Cost functions represent the cost associated with a certain action or sequence of
actions. For instance, in a path planning context, the cost might represent the
distance traveled, energy expended, or risk encountered. A common cost function
is Dijkstra’s algorithm2. These functions aim to minimize the cost rather than
maximizing a utility function, which is required when calculating optimal paths
faster than O(n2).

2.3 Stakeholders’ preferences
Stakeholders are responsible for deciding the weights of different quality attributes
for automated planning in self-adaptive systems. They must also enforce constraints
upon the system, such as maintaining sufficient fuel levels. There are multiple stake-
holders who all have different preferences regarding how automated planning should
behave. Therefore, stakeholders in this thesis refer to everyone affected by a specific
self-adaptive system: practitioners, end users, developers, etc., and not only owners

1https://kubernetes.io/
2Dijkstra’s algorithm
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2. Background

and shareholders of a company. Some might only care about travel time, while oth-
ers value safety highly. But it is not easy for stakeholders to understand how the
weights of different quality attributes affect automated planning [10]. For example,
a cost function that favors safety over travel time might not choose the safest path
because an alternative path is much faster but slightly less safe. Therefore, stake-
holders require tools and decision-making techniques to assist their prioritization of
quality attributes and reach consensus [4, 5].

2.4 Planning example
Figure 2.2 depicts a map containing nodes and paths that a robot can choose from
to reach its destination, where the number over each path is the distance between
nodes. In this example, we have the quality attributes: travel time, collisions, and
intrusiveness (of privacy).
Traversing a normal path yields a collision cost of 0, a partially occluded path costs
1, and an occluded path costs 2.
Passing a public location yields an intrusiveness cost of 0, a semi-private location
costs 1, and a private location costs 2.

To calculate the optimal path, we define the cost function for a plan σ:

c(σ) = wtt ∗ ctt(ϕtt(σ)) + wcol ∗ ccol(ϕcol(σ)a) + wint ∗ cint(ϕint(σ))

, where wtt, wcol, wint ∈ R+, and wtt + wcol + wint = 1.

c∗ is the local cost function for each quality attribute, ϕ∗(σ) is the total cost of
each attribute in a complete path, and w∗ is the weighted priority of each quality
attribute. The local cost function c∗ is calculated by a complete path’s cost for a
certain quality attribute in relation to the least expensive path’s cost for the same
attribute.
The path with the lowest travel time is 1 → 3 → 4 → 5 with a cost of 3.414.
The path with the lowest collision cost is 1 → 2 → 5 with a cost of 1.
The path with the lowest intrusiveness cost is 1 → 3 → 4 → 5 with a cost
of 1.
The local utility functions are therefore defined as:

ut(ϕtt(σ)) = ϕtt(σ)
3.414 , uc(ϕcol(σ)) = ϕcol(σ)

1 , ui(ϕint(σ)) = ϕint(σ)
1

A self-adaptive system’s automated planner chooses its path depending on the
weighted priorities of quality attributes. Table 2.1 displays the attribute costs and
cost function value for several sets of weights. E.g., in the case where only travel
time is relevant (wtt = 1), the path 1 → 3 → 4 → 5 is optimal. And if
the system only cares about collision (wcol = 1), then the path 1 → 4 → 5 is
deemed optimal.
Fully prioritizing a single quality attribute is easy, but mixing them all up does not
always yield intuitive paths. E.g., for the weights wtt = 0.25, wcol = 0.5, wint = 0.25

7



2. Background

Figure 2.2: Example of an automated planning graph

the path 1 → 4 → 5 is deemed optimal by the robot. Why did it choose
that path? In this small graph, it is quite easy to calculate it by hand or intuition.
However, plenty of minor mathematical calculations are combined, making it error-
prone.
Real-world scenarios would have dozens of nodes and edges, making it nearly im-
possible to calculate the optimal path by hand or understand why it was deemed
optimal by the robot. Therefore a tool is needed to aid humans in their task of
understanding the self-adaptive system better, which yields increased trust in the
system.

Table 2.1: Cost function value of paths for different weights.

wtt wcol wint Locations Optimal ϕtt ϕcol ϕint ctt ccol cint c

1 0 0 2 , 3 Yes 3.414 2 1 1 2 1 1

4 No 4 1 2 1.172 1 2 1.172

0 1 0 2 , 3 No 3.414 2 1 1 2 1 2

4 Yes 4 1 2 1.172 1 2 1

0 0 1 2 , 3 Yes 3.414 2 1 1 2 1 1

4 No 4 1 2 1.172 1 2 2

0 0.5 0.5 2 , 3 Yes 3.414 2 1 1 2 1 1.5

4 Yes 4 1 2 1.172 1 2 1.5
1
3

1
3

1
3 2 , 3 Yes 3.414 2 1 1 2 1 1.333

4 No 4 1 2 1.172 1 2 1.391

0.25 0.5 0.25 2 , 3 No 3.414 2 1 1 2 1 1.5

4 Yes 4 1 2 1.172 1 2 1.293
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3
Related Work

This section covers related work for explainability, contrastive explanations, utility
functions, and tool support in self-adaptive systems, with a particular emphasis
on robotics. It concludes with a short summary of how this thesis’ extends past
literature.

3.1 Explainability for self-adaptive systems

Research has indicated the need for explainability in self-adaptive systems [5]. N.
Li et al. [17] presents an approach to determine when to provide an explanation
in human-involved self-adaptive systems. The approach is based on criteria consid-
ering system behavior and user expertise. They found that explanations increased
users’ understanding and trust in the self-adaptive system, which increases system
performance.
Hellström and Bensch [20] discuss the importance of developing robots that are
understandable to humans. The authors argue that as robots become more prevalent
in society, it is crucial that people can easily understand how they work, what they
are doing, and why they are doing it. They also emphasize that understandable
robots are essential for building trust between humans and robots.
Reynolds et al. [19] explains how self-adaptive systems often are seen as black boxes,
which is a problem as human users can’t track or justify the systems’ decisions.
However, tracking everything that leads to a specific state within the system is not
only computationally heavy; it’s also too much information which leads to further
confusion. Therefore, the researchers developed a system that captures key decisions,
which a provenance graph uses to relate the system’s actors, entities, and activities.
Generating explanations of self-adaptive systems can be categorized into two differ-
ent types of explanations: the what-explanation, and the why-explanation [21]. The
what-explanation describes the optimal solution to a particular planning problem,
while the why-explanation provides a rationale of why that solution was deemed
optimal. In this thesis, the design artifact first explains what happens with a spe-
cific prioritization of quality attributes and then provides a rationale of why that
prioritization yielded the given outcome.

9



3. Related Work

3.2 Contrastive explanation

A contrastive explanation is an approach that tries to explain why something is
occurring in contrast to another occurrence, e.g., "Why is x happening rather than
y?".
Contrastive explanations can help human users identify potential biases and errors
in a robot’s decision-making [23]. By providing information about why a partic-
ular decision was made, users can better understand the robot’s underlying logic,
resulting in improved transparency and trust in the robot. However, the contrastive
explanation must be tailored to suit the intended audience’s expertise.
Contrastive explanations have been proven helpful in aiding humans better under-
stand other complex systems such as neural networks [27]. In the aforementioned
case, the authors copied all inputs into the neural network, tweaked them, and
highlighted the difference between the original and modified decisions. The modi-
fied instance is then presented to the user along with the original instance, allowing
the user to compare and contrast the two and understand why the neural network
made the decision it did.
Sukkerd et al. [22] use contrastive explanation to help end-users gain higher trust for
multi-objective automated decision-making in robots. Their approach tries to ex-
plain how a robot reasons when selecting a planning solution by producing a quality
attribute contrastive explanation. Their results show their contrastive explanation
approach to impact end-users understanding of the trade-offs made by automated
decision-making robots.

3.3 Defining utility functions

When dealing with self-adaptive systems, it is crucial to understand that specifying
utility functions at design time is insufficient and that the elicitation and readjust-
ment of preferences during runtime is often necessary [28]. Song et al. [29] proposed
a self-adaptation approach that uses runtime models and constraint solving to adapt
software systems based on end-user preferences. The approach involves the creation
of a runtime model of the system, which is used to monitor the system and detect
changes in its behavior. When changes are detected, the approach uses constraint
solving to determine the best adaptation action based on end-user preferences.
Wohlrab and Garlan [24] developed a tool-supported negotiation technique to help
stakeholders to elicit constraints and preferences for self-adaptive systems. Their
tool is based on the Analytic Hierarchy Process [26] for pairwise comparison of
quality attributes prioritization and is supported by a blackboard system. The
negotiation technique was proven helpful when agreeing on prioritizing quality at-
tributes, which defines the weights of a utility function. However, their tool doesn’t
help humans assess the impact of quality attribute prioritization on self-adaptive
systems’ automated planning.

10



3. Related Work

3.4 Tool support
Handling multiple quality attributes in self-adaptive systems is an understudied re-
search area [11]. Research concerning multiple quality attributes in self-adaptive
systems generally focuses on utilizing decision-making techniques. However, studies
have shown that combining these decision-making techniques with software tools
can better understand quality attributes’ effect on self-adaptive systems [24]. To
our knowledge, there is currently no tool that helps stakeholders assess the im-
pact their utility function has on generated travel plans in self-adaptive systems for
robotics. Contrastive explanations have been proven beneficial to help understand
autonomous systems decision-making [22], which could be an interesting feature to
base a tool on. Concretely, it could help discern how a particular change in the pri-
orities of quality attributes might lead to different optimal plans that an automated
planner generates.

3.5 Extending past literature
This thesis focuses on developing a tool that supports humans in assessing the impact
of quality attribute prioritization on self-adaptive systems’ automated planning.
This assessment is done by first generating a descriptive explanation of what decision
was made by the system, followed by a contrastive explanation of why said decision
was deemed optimal. This assessment aims to increase human understanding of
self-adaptive systems, resulting in better quality attribute prioritization that yields
higher system efficacy.
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Methods

In this section, the research method is presented. The thesis was developed over two
iterations. The first iteration focused on identifying perceived challenges (RQ1) and
potential solutions to mitigate these challenges (RQ2). The second iteration focused
on completing the implementation of the potential solutions, then evaluating to what
extent they can mitigate the perceived challenges (RQ3).

4.1 Design Science
Design Science has become an essential approach in Software Engineering due to
its emphasis on solving practical problems through the development or improve-
ment of artifacts [30]. In Software Engineering, artifacts include software systems,
development methodologies, and other related technologies.
Wieringa proposes a framework for design science based on the idea that design sci-
ence research involves nested cycles of problem-solving, with each cycle focused on
solving a specific problem nested within a more extensive problem [31]. The frame-
work consists of a regulative cycle containing four main stages: problem analysis,
solution design, implementation, and evaluation (Figure 4.1).

Figure 4.1: A design study’s regulative cycle defined by Wieringa [31]

Knauss proposed seven guidelines for applying design science research for Master’s
Thesis work in industry [9]. Knauss’ guidelines are heavily influenced by Wieringa’s
regulative cycle. The seven guidelines are:

• G1: Define the artifact early.

13
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• G2: Work in iterations. Contribute to each research question in each iteration.
• G3: Define research questions with respect to the regulative cycle, i.e., one re-

lated to the problem, one related to potential solutions and their construction,
and one related to evaluation.

• G4: Have regular meetings.
• G5: Shift emphasis between cycles. Work on each research question in each

cycle, but put more emphasis on RQ1 (Problem) in Cycle one, RQ2 (Solu-
tions) in Cycle two, and RQ3 (Evaluation) in Cycle three.

• G6: Have a dedicated section to describe the artifact.
• G7: Write the thesis document as you go.

While these guidelines were created with a Master’s Thesis in industries as a focus,
they are excellent guidelines for any Master’s Thesis using design science. Therefore
this design science Master’s Thesis adopted these guidelines with a few tweaks. It
was identified early that the core functionality of the artifact would need more time
than a single cycle. This led to the artifact being developed in two larger cycles
instead of three, where the first cycle focused on RQ1 and RQ2, and the second
cycle focused on RQ2 and RQ3, see Figure 4.2.

Figure 4.2: Overview of each cycle

Cycle one focused mainly on identifying challenges with understanding how the pri-
oritization of quality attributes affects the behavior of self-adaptive systems (RQ1)
and eliciting potential solutions to mitigate these challenges (RQ2). To achieve
this, potential artifact users were interviewed in a think-aloud study, where the
participants had to complete a survey afterward for data triangulation (see Section
4.3).
The data gathered from these interviews were coded into themes to link the com-
monality between each other’s statements (see Section 4.2). The different themes
were related to either identified challenges that the participant had perceived or
solutions to these challenges. A set of potential features were elicited from these
themes. A few of these features were identified as core functionality and were the
first to be implemented in the artifact, e.g., generating a graph (map) and finding
the optimal path.
Because of the importance of this core functionality and it requiring shortest-path
algorithms, the first cycle concluded with extensive verification of the core function-
alities’ correctness.
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Cycle two shifted its focus to discern which of the remaining features, from the set
elicited in cycle one, would be most beneficial for the artifact and implement them.
The selection process involved weighing each feature’s usefulness and interoperability
with the core functions.
After implementing a few of these features, the choice was made to refine existing
features rather than implement more. This decision was made because it was deemed
more important at this stage to improve the reliability and user-friendliness of the
artifact.
After creating a satisfactory prototype of the artifact, another set of interviews was
conducted as part of a think-aloud study (see Section 4.4). Similar to cycle one, the
participants needed to complete a survey for data triangulation. These interviews
aimed to determine to what extent the artifact could mitigate the perceived problems
(RQ3) that were found in the previous cycle.
The data gathered from these interviews consists of both Likert scale rankings of
the features from the questionnaire, as well as informative statements of why the
participants found certain features helpful. The Likert scale rankings link features’
relationship to the perceived problem they mitigated. The informative statements
were coded into themes to accurately link them to the features’ impact on the
perceived challenges. See Section 6.2 for more details.

Table 4.1: List of interviewees.

Interviewee
ID

Occupation Years of work experience in tech

1 Engineering Manager 3-5
2 Software Development Student (5th year) 1-2
3 Software Engineering Student (5th year) 1-2
4 Software Developer 6+
5 Backend Developer 3-5
6 Cloud Engineer/Architect 6+
7 UX-design student (1st year) 0
8 Consultant Manager 6+
9 Software Architect 6+
10 Product Owner 6+

Table 4.1 contains a list of all interviewees and can be used to track their citations
and participation. We expect most users of this tool to have a somewhat tech-
nical background, and therefore selected participants covering a mix of technical
experience. The participants were selected from our established connections using
convenience sampling, with a heavy focus on availability.
The pre-study had a total of seven participants (interviewees 1-7), which was sat-
isfactory because the results quickly became heavily saturated. The evaluation of
the artifact also consisted of seven participants (interviewees 1,2,5 & 7-10). How-
ever, a few results in the evaluation weren’t saturated and would benefit from more
participants. There also weren’t any experts in the field of self-adaptive systems
participating in this study. Only interviewee 10 had prior experience in work re-
lated to self-adaptive systems. These flaws were the result of both time and resource
constrictions.
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4.2 Qualitative Analysis
This section describes the methods used to analyze the qualitative data gathered
from the interviews conducted in this study.

4.2.1 Coding & Thematic analysis
Coding qualitative data is a crucial step in the qualitative research process, as it
helps to organize, analyze, and make sense of the data collected through interviews,
focus groups, or other qualitative methods [14]. However, qualitative data can be
overwhelming, as it is typically rich in detail and complexity, making it difficult to
manage and analyze without some structure.
Coding involves categorizing and labeling sections of the data with codes or labels
that capture the key themes within the data. This helps to identify patterns and
relationships within the data, and researchers can increase the reliability and validity
of their findings, ensuring that their interpretations are grounded in the data [14].
Coding qualitative data is an essential step in qualitative research. Various ap-
proaches to coding qualitative data have been discussed in the literature, including
thematic analysis which is used in this study [13].
Thematic analysis is a widely used qualitative research method for systematically
and rigorously analyzing data. It is a flexible approach that can be applied to various
research questions and data sources, including interviews, focus groups, and written
texts [13, 15].
Thematic analysis involves identifying and analyzing patterns and themes within
the data. This is done through a series of steps that involve familiarization with the
data, generating initial codes, searching for themes, reviewing themes, defining and
naming themes, and producing the final report [13].
One of the strengths of thematic analysis is its ability to provide a rich and detailed
account of the data while also allowing for a level of abstraction that enables the
identification of broader patterns and themes [15].
To help researchers save time performing thematic analysis, the use of computer-
assisted coding software to assist with the coding and theme generation is utilized
[14]. One of these software tools is QualCoder, which has been utilized to code the
data collected from all interviews in this study.

The main themes are our research questions. From these main themes, more increas-
ingly specific themes were created, structured as a tree. Originally, at the lowest
level of the trees, were the statements from interviewees that were deemed impor-
tant. However, as the number of important thoughts and statements grew, the need
to generalize them arose. Having singled out the important statements, it became
easy to label them with the same code and then connect them with a similar theme
of a higher level. E.g., the statements:

“It is far too complex to consider all possible routes.”
(Interviewee 1)
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“Adding additional quality attributes greatly impacts the difficulty.”
(Interviewee 5)

could both be categorized within the same code, Complexity, and later linked to
the theme Problems. This step was repeated at the higher levels as well. For each
iteration, it became clearer that the interviewees’ statements often had the same
meaning.

Figure 4.3: Generated QualCoder report listing all interviewees that thought Vi-
sualize Path was a good solution

After finishing coding themes for all the data, we generated reports to find which
participants, and how many of them, saw eye to eye. An example of this can be seen
in Figure 4.3, where multiple interviewees talked about potential solutions to their
problems when completing their tasks. While all their statements differ, and even
their core ideas differ slightly, it is clear to see that they are talking about similar
solutions. This generalization of the participants’ statements, turning them into
themes, dramatically decreases the difficulty of understanding the thoughts they try
to convey.

4.3 Identifying challenges and potential solutions
Qualitative interviews were conducted with potential users of the tool as interviewees
(interviewees 1-7), as per guidelines for this study in a relatively unexplored area
of research [14]. The purpose was to identify their difficulties with understanding
how weighted quality attributes affect a self-adaptive system’s decision-making and
elicit potential features for the tool to help mitigate these problems.
The interviews were conducted one on one, where the participant was given an expla-
nation of how quality attributes affect self-adaptive systems’ decision-making. The
participant solved a few tasks by calculating the optimal path for a self-adaptive
robot in a graph shown to them12. The intention of these tasks was for the intervie-

1Pre-study Interview Guide: tinyurl.com/cwza7nd
2Pre-study Questionnaire Answers: tinyurl.com/37vwubt3
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wee to describe their thought process, using think-aloud problem-solving. Think-
aloud problem solving is helpful to elicit people’s mental models [16]. Each partic-
ipant was also given time to discuss the explanation given to them, to establish a
common terminology and minimize misunderstandings.
After completing the tasks, the participant completed a survey with questions re-
lated to the problem presented to them. The questions were divided into two main
categories. First, they answered questions about their perceived difficulties with
understanding why the robot chose a specific optimal path. Then they were asked
to elicit potential features for a digital tool to mitigate their aforementioned difficul-
ties. During the survey, the participant continued to think aloud and was allowed
interactive dialogue between the participant and the interviewer.
The data collected from the interviews were coded to analyze it and better under-
stand what the participant meant, instead of what they were saying. The codes used
to analyze these interviews were divided into categories related to RQ1 and RQ2,
and the most frequently appearing themes can be seen in Section 6.1’s subsections.

4.4 Evaluation of the artifact
After the completion of a satisfying prototype of the tool, a second round of qual-
itative interviews (interviewees 1,2,5 & 7-10) was conducted, following the same
guidelines established in the first set of interviews. The purpose of these interviews
was to evaluate how effectively the tool-assisted users understand how weighted
quality attributes affect the decision-making of a self-adaptive system.
The interviews were again conducted one-on-one, where each participant was given
an explanation of the subject and a demonstration of the tool. The participant was
provided with a similar set of tasks, albeit more complex, where the participant
determined the optimal path in a graph34. The participant was first asked to com-
plete the task by hand and then use the tool to check for correctness, utilizing its
various features to better understand why a specific path was chosen. This approach
directly compared their experience and understanding with and without the tool.
After completing the tasks, the participant completed a survey to gather feedback
on the tool. The survey focused on questions related to how useful the varying
features of the tools were in mitigating the perceived problems elicited from the first
set of interviews.
The participant was encouraged to employ the think-aloud problem-solving method
throughout the interview. This helped to capture their thought process and al-
lowed for interactive dialogue between the participant and the interviewer, ensuring
continuous and immediate feedback about their experience with the tool.

3Evaluation Interview Guide: tinyurl.com/2nps4dzz
4Evaluation Questionnaire Answers: tinyurl.com/bdfadwwj
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5
An Explainability Tool for

Self-Adaptive Systems

This section explains the construction of the artifact, a prototype of an explainability
tool for self-adaptive systems’ automated planning in robotics. The various features
of the tool are covered, as well as why they were deemed beneficial to implement.
The section is split into two: Core Functionality, and Explanatory Features. The
core functionality consists of features required to display the optimal path in a graph,
explaining what is happening. The explanatory features focuses on explaining why
a specific path is deemed optimal.

5.1 Core Functionality
After studying the results of the thematic analysis of the first set of interviews and
reviewing related literature, a set of core features was elicited.

1. Display a graph.
2. Pick start and end nodes.
3. Prioritize quality attributes.
4. Display the optimal path.

To create these features, it was necessary to have the data of a graph. Therefore, a
feature that generated random reusable maps was considered. However, this feature
was not deemed impactful to the study, and already existing graph data was instead
incorporated to save development time. The graph data used in this tool was taken
from a public repository1 and contains the quality attributes: Travel time, collision,
and intrusiveness.
The artifact was developed as a web-app, rather than a stand-alone program, to in-
crease its accessibility and reach a broader audience. Figure 5.1 provides an overview
of the tool.

5.1.1 Display a graph
To better understand how the prioritization of quality attributes affects automated
planning, it was quite apparent to first display the graph it could traverse. The
framework vis-network was chosen to display the graphs because of its feature to

1https://github.com/cmu-able/explainable-planning
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Figure 5.1: Overview picture of the tool

change the shape and color of edges and nodes. Using this existing framework was
deemed a significant time save, rather than developing a tailored framework for this
artifact.
The graph’s visuals are based on the example’s legend in Section 2.4 and can be
seen in Figure 5.2. This visual representation of the different quality attributes was
chosen due to its proven efficacy in similar examples in related works [25].

Figure 5.2: Displayed graph in the tool

5.1.2 Prioritize quality attributes
Weighting the quality attributes is straightforward, as the tool only needs an input
field for each quality attribute. These inputs must also be sanitized to ensure they
are non-negative numbers that sum up to 1.

The difficult part was to choose which mathematical function to encode the quality
attributes. At first, a utility function was preferred since it is the most common
function when encoding quality attributes in self-adaptive systems. However, utility
functions focus on maximizing a value, which renders the artifact unable to utilize
scalable searching algorithms. Therefore it was deemed necessary to use a cost
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function due to them minimizing a value, which scalable searching algorithms can
utilize.
Dijkstra’s was the chosen shortest-path algorithm because of its ability to always find
the optimal path. A* was considered, as it is superior in time efficiency compared
to Dijkstra’s. However, A* only finds the optimal path to a specified node, while
Dijkstra’s finds the optimal paths to every node. Knowing every optimal path was
considered helpful in the development of other features, and this is why Dijkstra’s
was the preferred algorithm.
There was also the need to combat the fact that the quality attributes in a graph
are often blown out of proportion compared to each other. E.g., travel time often
has a substantially higher cost than intrusiveness. Therefore, all quality attributes
in the cost function are normalized to deny attributes with a generally higher cost
to dominate other attributes.
The chosen normalization solution compared the cost for each quality attribute in the
current path to the lowest possible cost of each attribute. Normalizing against the
minimal cost instead of the maximum cost was deemed optimal because it requires
less computational power to find. The minimal cost can be found using Dijkstra’s al-
gorithm (O(n log n)), compared to using, e.g., Depth-first search (O(n2)) to find the
maximum cost. See Section 2.4 for a concrete example of the chosen cost function.

5.1.3 Optimal path

Displaying the optimal path was the most crucial feature when enhancing the user’s
understanding, listed as the most apparent feature by interviewees in the pre-study.
The interviewees wanted to view not only the optimal path based on the priori-
tization of quality attributes but also the optimal paths unique to each attribute.
The paths for each optimal path have a different color to easier distinguish which
attributes, or cost function, it is currently displaying. Examples of this feature can
be seen in Figure 5.3 & 5.4.

Figure 5.3: Lowest travel time cost Figure 5.4: Lowest collision cost
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5.2 Explanatory Features
After implementing the tool’s core functionality, it became necessary to implement
features explaining why a specific path was chosen. A list of the chosen features can
be seen below.

1. Display multiple paths at once.
2. Mouseover tooltip information.
3. List costs of each optimal path.
4. Text explanation of why the optimal path was chosen.
5. List which quality attributes have the same optimal path.
6. List important nodes.

These features were chosen from the remaining features elicited in the pre-study. The
general guidelines for which features were chosen came down to two criteria: how
impactful the feature is and how much development time is required to implement
the feature. With an infinite amount of time, the chosen set of features would likely
be different, adding plenty of UI/UX-related features.

5.2.1 Visual features
Displaying multiple optimal paths at once was a highly requested feature in our
pre-study. This feature aids users in comparing different optimal paths, leading to a
better understanding since it facilitates a comparative analysis between alternative
paths.
There is no limit to the amount of different optimal paths to show concurrently.
However, when multiple paths overlap, it can become a visual clutter. Therefore
other features, such as tooltips, can prove useful in distinguishing overlapping paths.
The mouseover tooltip feature was elicited to combat the time constraint intervie-
wees felt during their tasks. The tooltip displays information about the node or
edge’s cost and which optimal paths overlap in an edge. This feature provides an
instant overview, removing the need for constant reference to a separate legend for
cost details.

Figure 5.5 shows an example of these two features. This figure simultaneously
displays the optimal path for intrusiveness and collision, and a tooltip from hovering
node L3.

5.2.2 Text features
In our findings, we recognized the importance of text-based feedback along with
visual cues, especially to mitigate the increased complexity of larger graphs.
A list of costs was implemented at the request of a few interviewees in order to easily
compare the costs between paths. The list color-codes the costs associated with each
optimal path for clear identification, as seen in Figure 5.6. A few costs in the list
are in highlighted bold, implying that it represents the lowest cost for a specific
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Figure 5.5: Multiple optimal paths and tooltip

quality attribute. This feature aims to mainly combat the complexity interviewees
felt during their tasks, removing the need to manually calculate each path’s cost.
The list color-codes the costs associated with each optimal path for clear identifica-
tion, as seen in Figure 5.6.

Figure 5.6: Color coded quality attributes (wt = 0.8, wc = 0.2, wi = 0)

Figure 5.7: Text explanations for the paths in Figure 5.6

In addition to the cost list, we incorporated sentence-based feedback from the system
to clarify visual information. Three features were elicited to achieve this:

1. Descriptive Text: This feature explains why a specific path was chosen. As
seen in Figure 5.7, this example explains that even though travel time was the
highest weight, it chose to optimize a path for other quality attributes because
the difference in cost for those attributes was larger than the difference in
travel time. Due to development time constraints, the current version of this
feature is limited to describing why the cost function is chosen in contrast
to the highest weight. This feature would greatly benefit from the ability to
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choose which two optimal paths to compare, resulting in further simplifying
the cost comparison.

2. Equal Paths: This features states which quality attributes have the same
optimal path. This feature simplifies the identification of identical paths and
saves the user’s time, especially in larger graphs.

3. Important Nodes: This feature lists important nodes in the graph. These
nodes act like hubs, where the optimal paths for the chosen attributes di-
verge or converge. The features help reduce the complexity of larger graphs
by segmenting them into smaller, crucial segments, enabling users to focus on
a smaller portion of the graph. The start and end nodes are always deemed
important, and it is therefore redundant to list them in this feature.

24



6
Findings

This section presents the findings from both our iterations. Section 6.1 first presents
three key challenges perceived in understanding how weighted quality attributes
affect a self-adaptive system’s decision-making and then presents potential solutions
to mitigate these challenges. Section 6.2 presents to what extent our design artifact
can mitigate these perceived challenges.

6.1 Perceived challenges and potential solutions
This section presents the findings from the first set of interviews. Figure 6.1 con-
tains the main themes from analyzing the first set of interviews which focused on
identifying perceived problems (RQ1) and potential solutions (RQ2).
From RQ1, we could identify the three main problems: Complexity, Math, and
Time constraint. We also acknowledged participants misunderstandings here, which
often stemmed from overconfidence in their ability.
From RQ2, multiple potential solutions to the interviewees’ perceived challenges
were elicited. The solutions are divided into Visual and Text solutions. The two
themes Contrastive Explanation and Non-numeric input/output fit in both visual
and text, as they are not standalone solutions and require other solutions to combine
with.
The arrows between themes in Figure 6.1 are their relations. E.g., the visual solu-
tions were identified as a reasonable explanation by the participants who struggled
with mathematics. Only the most prominent relations are displayed since adding
all would clutter the figure extensively. The themes are explained more thoroughly
in the subsections below.

6.1.1 RQ1 - Understanding the Prioritization
The codes below are related to the participants’ problem with understanding how
weighted quality attributes affect a self-adaptive system’s decision-making.

6.1.1.1 Math

Math was a common problem for the participants (Interviewees 1,2,4-7). To find
the optimal path, they had to calculate the cost for multiple quality attributes for
each path and then calculate the cost function for that path.
The participants differed in what they found challenging about the math. Some,
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Figure 6.1: All themes and their main relationships from the first set of interviews.
Notes contain the section covering it in detail

mainly the ones that didn’t have a university degree consisting of much math, strug-
gled with understanding the cost function itself,

“It was difficult to understand what the cost functions would yield
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when the weights were different.” (Interviewee 2)

The participants that didn’t have a problem understanding the cost function were
still found to be prone to miscalculate due to:

“That the local cost functions also differ. Have to calculate them in
multiple steps.” (Interviewee 5)

6.1.1.2 Time Constraint

Interviewees 1,5-7 stated that the time constraint hindered them from accurately
solving the tasks. Each interview lasted 30-45 minutes, and the participants had
45 seconds to calculate the optimal path for each task. The tasks involved a very
simple graph; hence the short time limit in solving the tasks to make the scenario
more realistic.

“Having a time-constrained task doesn’t give time to do the math
for an exact answer, and when the values are fairly similar it makes it
essentially a guessing game” (Interviewee 1)

6.1.1.3 Complexity

The one problem everyone identified when asked if they could solve similar tasks
for larger graphs, was how calculating the optimal path would rapidly grow too
complex.

“It feels like the complexity grows exponentially, both when adding
more nodes/paths and quality attributes” (Interviewee 5)

“I think I would need to attempt to write a program to solve it for
me.” (Interviewee 6)

6.1.2 RQ2 - Potential Solutions
The codes below are related to participants’ ideas for potential solutions to the
problems defined above.

6.1.2.1 Visualize Path

Every participant took for granted that it was necessary to visualize the optimal
path with the current weights.
Several participants also wanted to show alternative paths that are optimal for
different quality attributes:

“It would be nice to have visualization, where I can see all the nodes
and edges and then color coded lines that shows the best options, e.g.,
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"purple" would be the cheapest time-wise, blue would be best collision
wise etc.” (Interviewee 2)

“I would like it to be somewhat like Google Maps, where it is possible
to see multiple paths. The paths should have info about in what aspect
they are the optimal path.” (Interviewee 7)

“Highlighting each possible decision and its cost from a selected node,
like Chess.com.” (Interviewee 4)

These are clear examples of contrastive explanations, where they want to compare
the current and alternative optimal paths to gain a deeper understanding of the
self-adaptive system’s decision-making.

6.1.2.2 Detailed Table

A few participants (Interviewees 1,2,5) wanted a detailed table where the entries
would contain different weights, the corresponding optimal path, and the value of
the cost function.

“The tool should be able to provide exact details with some sort of
table listing all calculated routes and their final score, so that I could
compare the top 3,5,10 routes weighted.” (Interviewee 1)

This is another example of users wanting some contrastive explanation, where they
want to see the optimal path for different weights and compare them against each
other.

6.1.2.3 Text Explanation

Interviewees 1,4,5,7 wanted some text explanation of why a specific path was chosen:

“I think generating one or two sentences that justify the decision is
enough to get a grasp on its decision” (Interviewee 1)

They considered this a way to demystify the cost function, which many considered
a problem.

6.2 RQ3 - Evaluating the artifact
This section presents the findings from the second set of interviews, which focused
on evaluating the artifact. The varying features of the artifact were identified as
helpful in mitigating the perceived problems identified in the pre-study. For exam-
ple, participants could not give an accurate or satisfactory explanation of why a
specific path was chosen when completing a task without the aid of the tool, except
for the case when only one quality attribute was prioritized. However, participants
could give increasingly better explanations after each task they utilized the tool,
even in cases when they initially didn’t know they had understood the decisions
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themselves.

The artifact’s features are ranked by the helpfulness in mitigating the perceived
challenges with understanding the prioritization of quality attributes’ effect on self-
adaptive systems (RQ3). The findings are presented in Likert scale format, followed
by citations from interviewees explaining their opinion of a feature.

6.2.1 Math
Text-related features and displaying multiple optimal paths were heavily favored
when participants were asked which features had the highest impact in demystify-
ing the perceived math challenge, as shown in Figure 6.2 and related statements
below.

Figure 6.2: Likert scale measuring each feature’s helpfulness in demystifying the
perceived math challenge

Participants felt that comparing multiple optimal paths significantly reduced the
number of times they needed to calculate the tedious cost function.

“Displaying multiple paths was really nice to quickly get an overview,
instead of having to calculate them by hand.” (Interviewee 2)

The text features were especially helpful for participants with limited knowledge of
graph theory.

“Calculating shortest-path algorithms is a bit alien for me. So I really
like that there are plain text alternatives.” (Interviewee 5)

“The cost list feature provided the necessary information of each path
to easily compare them against each other.” (Interviewee 9)

6.2.2 Time Constraint
The visual features and the equal paths text feature were overwhelmingly positive
in battling the participants’ time constraint, as showcased in Figure 6.3.
The visual features provided a quick and simple explanation of what the outcome
was, removing the need for a separate legend.
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Figure 6.3: Likert scale measuring each feature’s helpfulness in battling the per-
ceived time constraint

“It was quick and easy to find the optimal path, and I could then use
the other features to understand why it was chosen.” (Interviewee 7)

“The costs in the tooltip saved me a lot of time instead of looking back
and forth in a legend.” (Interviewee 10)

Participants found the equal paths text feature to be time-saving due to them not
having to find all paths themselves, and instead only the ones that differentiated
from each other. Furthermore, if multiple optimal paths were equal, participants
often considered these paths superior due to their multi-purpose.

“It was nice to see a list of which paths were equal, instead of looking
through the whole graph and find each individual one.”

(Interviewee 1)

6.2.3 Complexity
Figure 6.4 showcases that in the eyes of the participants, four features were out-
standing in reducing the perceived complexity: Optimal Path, Multiple Optimal
Paths, Cost List, and Descriptive Text.

Figure 6.4: Likert scale measuring each feature’s helpfulness in reducing the per-
ceived complexity

The participants deemed it crucial to display the optimal path in large graphs, as
they couldn’t see themselves calculating it by hand, no matter the time limit.
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“There is no way I could ever find the optimal path in the large maps
by myself, let alone multiple optimal paths.” (Interviewee 1)

The participants found the cost list and descriptive text feature incredibly useful in
reducing the complexity due to them providing an equal amount of text no matter
how large and complex the graph grows.

“The graph gets larger, but the descriptive text explanation remains
concise.” (Interviewee 9)

“I found the cost list super useful because it allows me to easily com-
pare the costs no matter how complex the paths are.” (Interviewee 8)

6.2.4 General Perception & Favorite Features
The participants’ general perception of the tool was positive, as seen in Figure 6.5.

Figure 6.5: Likert scale measuring participants’ general perception of the tool

Participants found the tool to significantly save time when trying to understand the
effect of quality attribute prioritization on generated plans. However, they believe
the tool could benefit from being more intuitive.

“The tool helped me complete my tasks. But I wish it got a UX/UI
overhaul since some features were a bit hard to grasp.”

(Interviewee 7)

When asked which features were their favorites, every single participant answered
that the cost list was among their favorites:

“The list of costs - The way it explains why the “robot” took a specific
route and the details around it.” (Interviewee 8)

“Display cost for each path, good with color differentiation and clear
language and info.” (Interviewee 7)

“The color-themed path costs, easiest way to compare them. And
displaying multiple optimal paths enhanced the cost listing feature by vi-
sualizing the costs.” (Interviewee 10)
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6. Findings

Surprisingly few participants listed displaying optimal paths as one of their favorite
features. When asked why, they stated that:

“Displaying the optimal path is such an obvious feature that I simply
didn’t think of mentioning it.” (Interviewee 1)
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RQ1 sought to identify stakeholders’ perceived challenges in understanding how the
prioritization of quality attributes affects the behavior of self-adaptive systems. Our
findings indicated that stakeholders’ major challenges are: time constraint, math,
and complexity.
Without the aid of a tool, stakeholders are required to calculate cost functions for
complex graphs within an arbitrary time limit. We believe these challenges overload
stakeholders with information and stress, preventing them from understanding self-
adaptive systems behavior. This is supported by Reynolds et al.’s [19] claim that self-
adaptive systems are seen as black boxes, and humans can’t justify these decisions
of the systems without aid.
Notably, these challenges were perceived in the specific context of shortest-path
automated planning for self-adaptive systems in robotics. They are not necessarily
the top three challenges perceived in other types of self-adaptive systems. However,
they are most likely still highly relevant in other types of self-adaptive systems as
it is essential to calculate the cost or utility functions for any self-adaptive system
within an arbitrary time limit.
However, the complexity of calculating the cost function for shortest-path problems
is most likely higher than many other types of self-adaptive systems. It might not
be equally dominant of a challenge in other types of systems.
The quality attributes used in our artifact were easy to understand for nearly every
participant of our study. This might not be the case for other types of systems that
uses more obscure quality attributes, which could lead to challenges in understand-
ing the meaning of the quality attributes themselves.

RQ2 explored potential solutions that could improve stakeholders’ understanding of
how different prioritization of quality attributes impact the behavior of self-adaptive
systems. Our research led to developing a tool that uses a combination of visual
and text features to first provide a descriptive explanation answering what happens,
and then a contrastive explanation of why the system behaves in that way.
This mixed-method approach ensures that stakeholders have a clear and nuanced
understanding of how their prioritization decisions affect system behavior. The what
and why approach can also explain all types of self-adaptive systems.
The text features, except important nodes, are generalizable to all forms of self-
adaptive systems, as they compare quality attributes and optimal outputs, which
are essential in all self-adaptive systems.
The visual features in the developed artifact are specific to travel path types of
self-adaptive systems, and cannot be generalized to all types of systems. However,
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other types of self-adaptive systems could benefit from explanations of similar visual
features, where the system’s decision-making can be visualized in a decision graph
or tree.

RQ3 evaluated to which extent these identified challenges could be reduced. Our
findings suggest that using the developed tool can significantly mitigate the chal-
lenges stakeholders perceive, especially the complexity.
The visual features had the most significant effect on battling the perceived time
constraint. For example, the tool can display the optimal path in the blink of an
eye, compared to manually calculating it. This lets stakeholders quickly understand
what happens, and they could focus on understanding why that specific behavior
occurred.
It was more challenging to find which features had the most significant impact on
demystifying the math, since they all had similar Likert scale ratings. However,
the thematic analysis showcased a favor for text features since they provided an
explanation without requiring any calculation from the user. The analysis also
showed that displaying multiple paths was still necessary because the text needed
to be anchored to something more tangible.
Four features were outstanding in reducing the perceived complexity: Optimal Path,
Multiple Optimal Paths, Cost List, and Descriptive Text. These features were ex-
pected favorites. Both the cost list and descriptive text provide equally concise
explanations of why a decision was made, no matter the complexity of a graph, and
the optimal paths are necessary to connect the explanation to what happened.
However, to our surprise, the important nodes feature wasn’t considered a top fea-
ture. This may be because of poor implementation of the feature, as improvements
for it was requested:

“Highlight the important nodes in the graph. They were a good indi-
cator of what nodes should be focused on, but was a bit annoying looking
at the list and then finding the node in the graph.” (Interviewee 10)

The successful use of contrastive explanation in the tool confirms both Sukkerd et
al.’s [22] and Prabhushankar et al.’s [27] claim that contrastive explanation is helpful
in aiding humans better understand complex systems.

7.1 Lessons learned
Stakeholders perceive challenges that overload them with information and stress,
preventing them from understanding self-adaptive systems behavior. The perceived
challenges can vary between different types of self-adaptive systems, and it is nec-
essary to recognize stakeholders’ perceived challenges for a specific self-adaptive
system.
Stakeholders require tool support to mitigate their perceived challenges and better
understand how the prioritization of quality attributes affects the self-adaptive sys-
tem. We believe that it’s necessary to give a contrast between a system’s automated
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plans, as how good a plan is can only be understood by comparing it against other
plans. The mix-method approach of a descriptive explanation answering what is the
optimal solution, and then a contrastive explanation of why that specific solution
was deemed optimal proved a great success in mitigating all perceived problems in
our study. This approach is generalizable and fit to explain all kinds of self-adaptive
systems, even though the specific features explaining what and why may vary for
each self-adaptive system. The contrast should focus on comparing the results of
different plans, and their respective quality attribute cost.
Visual features are great at explaining what plan is deemed optimal. Visual features
such as decision graphs are harder to generalize and require more development time
compared to text-based features.
Text-based features are great at explaining why a plan was deemed optimal. They
are also highly generalizable for different types of self-adaptive systems. One tool
could potentially generate text explanations for all kinds of self-adaptive systems.

7.2 Validity
Threats to internal validity. The thematic analysis process is time-consuming,
which can be a barrier for this study with limited time or resources. Potential re-
searcher bias or misunderstandings while coding text in the thematic analysis may
affect the results due to incorrect conclusions. This was mitigated by asking partici-
pants of the study to complete a questionnaire, which introduces data triangulation.

Threat to external validity. Stakeholders have different experience levels of
eliciting quality attribute priorities for self-adaptive systems. A different set of par-
ticipants involved in the study may lead to a different conclusion. To mitigate
this, participants with a mix of experience was chosen. The external validity is
also threatened by the study’s focus on a specific problem domain, shortest-path
self-adaptive systems in robotics, with a fixed cost function and fixed set of quality
attributes.

Threats to construct validity. The participants in our study might not have the
same interpretation of words such as quality attribute, self-adaptive system, gener-
ated plan, etc. This could lead to outlying results in the thematic analysis. It was
therefore necessary to mitigate it by spending a few minutes with each participant
to share a common terminology.

Threats to reliability. The reliability of this study may be influenced by our
interpretations. This may have affected our insights and conclusions drawn from
the data. To mitigate this threat, we tried to clearly describe our methods and keep
a transparent chain of evidence throughout the thesis. For example, the interview
guides and questionnaire answers were made public for both the pre-study12 and

1Pre-study Interview Guide: tinyurl.com/cwza7nd
2Pre-study Questionnaire Answers: tinyurl.com/37vwubt3
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the evaluation34.

7.3 Future Work
The artifact in this thesis is only a prototype and would benefit from further de-
velopment. Participants of the think-aloud study were asked which features needed
further improvements, and what new functionality they desired in the tool. Most
participants felt that the current features were enough, and wanted improvements
of current features instead. Below is a set of potential improvements elicited from
participants’ suggestions:

1. Set coordinates for the graph: The framework used to display the graph is a
version of vis-Network5 ported to Java, which lacks the functionality to set
coordinates for the nodes. Migrating the tool to JavaScript would allow for
this improvement and access to many other features not available in the ported
Java version.

2. Highlight important nodes: The important nodes are currently listed in text
format. However, the participants found it tedious to look at the list of nodes,
and then search for the nodes inside the graph. Highlighting the nodes visually
in the graph would mitigate this problem.

3. Displaying cost function value: Add the cost function value of each optimal
path to the list of costs. This feature would allow users to more easily deter-
mine how much more the system favors one path over another.

Alongside these improvements, the tool needs a UX/UI overhaul. The tool would
greatly benefit from being more intuitive and pleasing to the eye. This could spark
collaboration between the Interaction Design and Software Engineering fields.

Our tool is specific for robot planning missions, and doesn’t currently support other
areas of self-adaptive systems. However, while the visual features don’t make as
much sense in other areas, the text features would most likely still prove helpful in
all areas of self-adaptive systems.

3Evaluation Interview Guide: tinyurl.com/2nps4dzz
4Evaluation Questionnaire Answers: tinyurl.com/bdfadwwj
5https://visjs.github.io/vis-network/docs/network/
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8
Conclusion

In this thesis, we used design science research to identify, explore solutions for, and
mitigate key challenges stakeholders perceive in understanding self-adaptive systems,
specifically the impact of quality attribute prioritization on system behavior.
We found that these challenges overload stakeholders with information and stress,
preventing them from understanding self-adaptive systems behavior.
Our research led to the development of a tool that uses a combination of visual and
text features to first provide a descriptive explanation answering what happens, and
then a contrastive explanation of why the system behaves in that way.
The tool was evaluated in a think-aloud study, where the participants had to com-
plete tasks with and without the tool. Our findings suggest that using the devel-
oped tool can significantly mitigate the challenges stakeholders perceive, especially
the complexity. Notably helpful features were the ability to concurrently display
optimal paths for different quality attributes, and compare them with a list of their
attribute costs.
Future work can improve existing features and overhaul the UI to create a more
intuitive experience, further increasing stakeholders understanding.
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