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Abstract

Smart Energy Systems (SES) promise to make homes and communities
more efficient, sustainable, and flexible. Yet their success depends on more
than algorithms and sensors. If people cannot understand system deci-
sions, trust and long-term adoption are at risk. This thesis investigates
how explainability can be meaningfully integrated into SES, with a focus
on Austrian Energy Communities. Building on a user survey conducted
in 2024, the study explores how participants perceive explainability, what
motivates them to adopt SES, and which challenges they encounter. Using
statistical and exploratory methods, the analysis identifies three distinct
user profiles: expert optimisers, pragmatic cost-savers, and clarity-seeking
non-adopters. Each group values different forms of explanation, from sim-
ple guidance to interactive and technical insights. Across all groups, clarity
and transparency emerge as the strongest drivers of trust, but explainabil-
ity is not a uniform need, it is shaped by expertise, adoption status, and
motivational orientation. These findings underline that explainability is
not just a technical feature but a social requirement that influences trust,
adoption, and long-term engagement. By combining perspectives from
explainable artificial intelligence and user-centred design, this thesis con-
tributes practical guidance for developing SES that are not only intelligent
but also understandable and trusted by the communities that use them.
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1 Introduction

Innovative solutions are required to tackle the growing challenge of cli-
mate change, inequality, and sustainable energy security. Especially
the design and operation of modern energy infrastructures, which
form the foundation of a sustainable future, appear as a significant op-
portunity for improvement. Smart Energy Systems (SES) emerged as
a promising framework that links electricity, heating, cooling, trans-
port, and fuel networks to enable efficient and flexible energy use
across regional as well as national scales [1, 2]. SES go beyond the
concept of Smart Grids as the emphasis is on cross-sectoral syner-
gies and the unified management of energy flow. In residential set-
tings, such concepts are commonly integrated through technologies
like Home Energy Management Systems (HEMS), sensors, and en-
ergy storage devices. These systems enable households to optimise
their energy consumption, lower costs, as well as contribute to the
stability of the broader energy grid [3, 4].

Modern tools such as Artificial Intelligence (AI) are required to
create an automated and optimised Energy System like SES. Par-
ticularly Machine Learning (ML) models are enabled to forecast en-
ergy demand, manage distribution, and detect anomalies in real time
[5, 6]. However, many AI-based approaches operate as so-called
"Black Boxes", opaque systems working with little to no human
oversight. These models make it difficult for users and regulators
to understand how decisions are made. This lack of transparency
can reduce trust and hinder adoption. Explainable Artificial Intel-
ligence (XAI) addresses this challenge by developing methods and
tools which can open the Black Box by enhancing interpretability,
transparency, and user trust in AI-driven systems [7, 8]. To ensure
system accountability, user acceptance, and long-term engagement in
critical infrastructure, such as Energy Systems, explainability plays
a key factor [9, 4].

Explainable SES should not be designed without constructing user
requirements early in the development process to design SES that
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meet user needs. User-centered design (UCD) and requirement anal-
ysis methods offer the relevant frameworks to make technical solutions
align with the expectations, goals, and abilities of diverse groups of
users [10, 11, 12]. Especially in smart home settings, where users have
limited technical knowledge and interact with these systems directly,
UCD is essential. Explanations tailored to specific user contexts, like
background knowledge or age, can make a system more understand-
able, build trust, and improve sustained system usage [13, 14].

To make use of the full potential of SES, their users formed so-
called Energy Communities (EC). Since the adoption of the Renew-
able Energy Expansion Act (EAG) in 2021, Austria has seen re-
markable growth in these communities, as it empowers citizens to
collectively be a part of the energy market by producing, sharing,
and trading energy at local and regional levels [15]. SES and smart
home technologies are deployed to coordinate local energy flows and
enhance renewable energy integration [16]. In this context, explain-
ability becomes a key governance tool by ensuring the understanding
and trust in their collective energy management decisions made by
AI-enabled systems.

Given this context, this thesis investigates how explainability can
be effectively integrated into SES and HEMS. Through the analysis
of user needs and preferences, it aims to determine which explanation
methods will best be utilised to enhance transparency and user confi-
dence on SES. The study builds on a survey from 2024, which explores
users’ perceptions of explainability in SES and was distributed among
members of the Austrian EC [17]. The survey responses formed the
data basis for analysing how community members experience and
interact with Smart Energy Technologies.

1.1 Research Design

This thesis investigates how explainability can be meaningfully inte-
grated into SES, with a focus on residential energy. It combines a
structured literature review with an adapted user survey and applies
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statistical methods to analyse user needs, expectations, and prefer-
ences toward explainability in SES.

The literature review provides the theoretical foundation for this
thesis by outlining key concepts and existing research relevant to SES
and explainability. It firstly covers the introduction to the world of
Smart Energy, the role in home environments, and the real-world
application in the form of the Austrian EC. Secondly, concepts from
XAI, UCD, and user surveys are summarised to build the needed
knowledge base for the following analysis.

The empirical part of this study builds on a survey originally devel-
oped by Kordulová (2024) to examine the usage of SES by members
of the Austrian EC [17]. Kordulová’s survey explored how users in-
teract with these systems and how they perceive the role and value
of explainability. It combined demographic, behavioural, attitudinal,
and preference-based questions, offering detailed insights into the user
experience.

This thesis analyses the survey data using a combination of quan-
titative methods. Descriptive statistics summarise demographic char-
acteristics and general attitudes. Cross-tabulations, t-tests, and ANOVA
compare responses across user groups and test for statistical signifi-
cance. Correlation analysis explores relationships between variables.
Principal Component Analysis (PCA) reduces dimensionality and
identifies key themes in user attitudes. Finally, K-Means clustering
groups participants into potential user profiles.

These methodological steps provide the basis for answering the
following research questions:

• What are the key factors influencing user trust and satisfaction
in Smart Energy Systems, and how do these factors vary across
different demographic groups?

• What recurring themes and sentiments emerge from user feed-
back on Smart Energy Systems, and how can they inform system
design improvements?
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• What actionable recommendations can be derived from survey
data to enhance the design of user-centric, explainable Smart
Energy Systems?

By combining theoretical insights with user-centered data analysis,
this thesis aims to contribute practical guidance for the development
of transparent and accessible Smart Energy Technologies that support
long-term user trust and adoption.

2 Literature Review

This chapter presents a comprehensive literature review to provide a
solid theoretical and conceptual foundation. The aim is to highlight
relevant academic and practical insights that inform the understand-
ing of SES, XAI, and UCD approaches. By examining existing re-
search, this chapter positions the study within the broader academic
discourse and establishes the basis for the subsequent survey.

2.1 Smart Energy Systems

2.1.1 Defining Smart Energy Systems

To address the challenges of climate change, energy supply, and sus-
tainability, SES serve as a conceptual solution for designing and op-
erating future energy infrastructures. SES introduces unified man-
agement of electricity along with heating, cooling, transport and
fuel to overcome sector-specific limitations and improve coordination.
The system allows for efficient, sustainable, and flexible energy use
throughout national and regional scales [1].

SES are usually described as energy infrastructures that combine
smart electricity, heating, and gas grids with different types of stor-
age and control systems. Their goal is to make the most of renewable
energy sources and improve the overall efficiency of the energy net-
work. The first conceptualisation of SES took place during the early
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2010s under the Coherent Energy and Environmental System Anal-
ysis project, which established economic and environmental benefits
from cross-sectoral integration. For example, excess wind power can
be redirected to large heat pumps that supply district heating net-
works. The mechanism integrates electric power systems with heat-
ing operations to balance fluctuations in renewable energy supply [1].
SES indicate a currently evolving method of designing and thinking
about Energy Systems. Rather than optimising isolated sub-sectors,
SES concentrates on interactions between electricity, heating, cool-
ing, gas, transport, and storage systems. The unified vision of SES
is becoming increasingly important because countries actively pursue
the development of 100% renewable energy platforms, which require
a high degree of flexibility and coordination between the different in-
frastructures [2]. This approach goes beyond the narrower concept
of the Smart Grid, which focuses primarily on the digital optimisa-
tion of the electricity sector. However, in much of the academic and
technical literature, the terms Smart Grid and SES are often used
interchangeably, although they refer to different system scopes and
levels of integration. Conflating the two terms risks overlooking the
full potential of cross-sector synergies enabled by integrated infras-
tructures [1]. The focus of this thesis is primarily on Smart Grids as
a central component of SES, including their interaction with storage
technologies and end users.

In [18], a framework of a smart and sustainable Energy System
is proposed. Their criteria include not only technical and economic
feasibility but also energy efficiency, environmental impact, social ac-
ceptability, and integrability into existing infrastructure. From this
perspective, SES must also enable multigeneration, which again in-
cludes the simultaneous production of electricity, heating, cooling,
and fuels from a single source, while enhancing social welfare and
minimizing resource waste [18]. An important conceptual advance
within SES is the 3S framework: Source, System, Service. This em-
phasises the need to consider the entire life cycle of energy. From the
selection of renewable energy sources to the design of multi-source
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systems and the provision of energy services in a way that is consis-
tent with societal and environmental goals [18].

2.1.2 Functionality and Requirements of SES

The successful operation of an SES depends on real-time data collec-
tion while using automated decision systems. A control management
system that combines electricity with thermal and gas grids requires
advanced computational intelligence capable of enabling responsive,
optimised, and increasingly autonomous energy management [1]. An
SES operates through enormous data streams which get collected
through a broad network consisting of sensors, meters, control sys-
tems, and external platforms, including weather services and mobility
monitoring. Smart meters, for example, can record household elec-
tricity consumption every 15 minutes, generating up to 35 billion data
entries per year for a single utility serving one million customers. The
storage system contains both details about customer consumption
and interactions alongside device status data, coupled with real-time
grid information and time-based price alerts and monitoring data [19].

This transition to data-centric energy management creates both
opportunities and vulnerabilities. On the one hand, real-time data
enables optimised forecasting, bottleneck and error detection as well
as predictive maintenance across the entire energy chain, from gener-
ation to end use. Such constant monitoring of household private ac-
tions poses privacy issues, especially when the data collected achieves
fine-grained tracking of daily routines [5]. At a technical level, SES
are increasingly governed by ML models and AI systems capable of
forecasting energy supply and demand, detecting anomalies, and au-
tomating decisions by using real-time data, collected by sensors across
the system [6, 5].

As National Grid controllers, along with HEMS, increasingly use
AI, the interpretability of these decisions becomes more important.
Users and regulators require a full understanding of the decision-
making processes. This is especially important for household-level
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systems, where trust in automation is closely tied to users’ ability to
perceive it as transparent and fair.

2.1.3 SES in Home Environments

Smart homes are a potential solution to make energy demand and
consumption visible in individuals’ households. These environments
are equipped with technologies that enable the monitoring, manage-
ment, and optimisation of household energy use. A typical smart
home setup includes various interconnected components such as smart
meters, sensors, Internet of Things appliances, energy storage sys-
tems, and sometimes renewable energy sources like photovoltaic pan-
els. These are often coordinated by a HEMS, optimising when and
how devices operate based on user preferences, real-time electricity
prices, and energy availability [3]. In advanced implementations,
HEMS are integrated with AI systems to forecast energy demand,
detect energy-intensive behaviours, and adjust consumption to main-
tain comfort while reducing costs. This is made possible through the
interconnectivity of consumption and production, which highlights
when specific devices should be operated and when it is most bene-
ficial to reduce or shift energy use [4]. While these systems benefit
individual households by lowering costs and reducing the complexity
of energy saving, they contribute to higher significance by improving
the stability and flexibility of the entire energy grid. With a broad im-
plementation across the country, fluctuating supply from renewable
sources can be balanced in real time [1].

2.1.4 Energy Communities in Austria

Through the concept of EC, Austria demonstrates an approach to
integrate local smart systems into the broader SES framework. For
creating these community networks, the European Union established
basic requirements. The Clean Energy for All Europeans Package
serves as the foundation for the national expansion of renewable en-
ergy through the Renewable Energy Expansion Act (EAG), which
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went into effect in 2021. This legislation supports the decentrali-
sation and democratisation of energy by allowing citizens to jointly
produce, share, and trade energy at the local level [15].

There exist two uniquely defined community structures in Aus-
trian legislation. First, the Renewable EC (Erneuerbare Energiege-
meinschaften, EEGs), where the members are geographically limited.
They can generate, consume, store, and sell electricity and heat from
renewable sources. Membership can include individuals, small busi-
nesses, and public facilities. Their goal is regional sustainability and
benefit-sharing, rather than profit. The second type is Citizen EC
(Bürgerenergiegemeinschaften, BEGs). Such communities can oper-
ate through different grid zones across the country, though they are
restricted to electrical energy and not necessarily bound to renewable
sources. Larger companies may participate, but without a control-
ling interest. Since the enactment of EAG, Austria has experienced
a significant expansion of its energy community sector with over 100
entities contributing and several hundred more in planning [15].

These communities implement smart home systems, including HEMS,
to coordinate local energy use. This setup enables balancing supply
and demand at the community level. A community sharing network
enables people to exchange their excess solar power while also en-
abling optimised collective consumption through digital platforms.
Real-time energy sharing and peer-to-peer pricing is possible, for ex-
ample, through an online platform named eFriends [15]. Additionally,
Austrian initiatives such as ECOSINT aim to ensure that EC remain
interoperable and grid-friendly by developing standardised digital in-
terfaces and scalable architectures that can integrate with national
SES structures [16].

SES provide an integrated approach to managing electricity, heat-
ing, cooling, transport, and storage, aiming to support renewable en-
ergy use and improve overall efficiency. At the household level, smart
homes and HEMS illustrate how data-driven optimisation can reduce
costs and support grid stability, though they also raise concerns about
privacy and transparency. In Austria, EC represent a concrete step
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toward this vision, enabling citizens to collectively produce, share,
and manage energy under the Renewable Energy Expansion Act.

2.2 Explainable Artificial Intelligence

The current use of AI applications utilising ML and Deep Learning
(DL) techniques produces systems labelled as "Black Boxes". These
models can achieve their objectives, but the reasoning behind their
outputs remains opaque. Their complexity, with layered architectures
and millions of parameters, makes it difficult, even for developers, to
fully understand how decisions are made [7]. XAI is gaining promi-
nence because it works to enhance AI systems with transparency
features, interpretability abilities and eventually improving trustwor-
thiness. In contrast to the Black Box models, the White Box models,
like decision trees or rule-based systems, are naturally interpretable,
with transparent logic and traceable decisions. The middle position
in XAI forms Grey Box models that combine system complexity with
improved explainability features for partially transparent systems.
The key to explainability lies in adding explaining techniques to a
Black Box model to understand its decision-making process. How-
ever, even with the best explanation models, a Black Box can never
turn into a White Box unless the fundamental logic is directly inter-
pretable [7, 8].

XAI contains three main terms: interpretability, transparency and
explainability. The concept of interpretability is used to reveal in-
ternal mechanisms to create a human understood model, showing
how inputs are processed and transformed into outputs. A trans-
parent model is the opposite of an opaque Black Box model, since
it is comprehensible on its own. Explainability, in contrast, focuses
on generating understandable justifications for the model’s decisions,
regardless of whether the underlying model is interpretable or not.
These justifications play a vital role because users need them to build
trust and make informed decisions concerning AI output. For ex-
plainability to be effective, it needs to be built on a foundation of
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interpretability and transparency. Otherwise, it becomes difficult to
trace or correct faulty decisions, which can be particularly dangerous
in high-stakes environments, like the energy sector [20, 7]. Here, AI
is increasingly used to manage complex, distributed systems, often
in real time. Within these operational domains, understanding the
system functions alone is insufficient. Users, regulators, and stake-
holders must also understand why the system behaves in a certain
way. To qualify as effective, XAI needs to offer context aware in-
formation that exceeds technical interpretations [7]. For example, if
a ML model reduces electricity to a neighbourhood battery system
because it predicts low usage, operators must be able to explain that
decision. Missing explanations can result in safety issues, public com-
plaints or even discrimination [8]. This makes XAI directly relevant
for this thesis. SES will only be effective if they not only work well
but also transparently explain their decisions. Clear explanations
help build trust and make adoption more likely.

2.2.1 Theoretical Frameworks

It is important to understand the broader theoretical frameworks that
underpin XAI before diving into user-centered and sector specific ap-
proaches. Explainability needs to address both the internal logic of
models and the diverse needs of users. By clarifying these underlying
structures, we better understand why current approaches succeed or
fail and where they fall short in meeting user needs. This section
summarises existing XAI approaches grouped according to several
key dimensions: the distinction between global and local explain-
ability methods, the difference between perceptive interpretability
and interpretability by mathematical structure, and the separation
of technical XAI from human-centered XAI.

A foundational distinction in the literature is between global and
local explainability methods. Global methods seek to summarise how
a model behaves across a range of inputs, providing insight into its
general functioning and priorities. This is particularly useful for sys-
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tem designers, engineers, and policymakers overseeing larger infras-
tructures [8]. Local explainability, in contrast, focuses on individual
predictions explaining why a model made a specific decision. In smart
home contexts, local explanations help residents understand events
like unexpected heating behaviour or sudden changes in energy fore-
casts. Both types of explanations are necessary to support the variety
of stakeholders interacting with AI in Energy Systems [21].

Another categorisation consists of differentiating between percep-
tive interpretability and interpretability by mathematical structure.
Perceptive interpretability produces human-understandable explana-
tions through visual representations and rule-based or textual inter-
pretation. These features are of great importance, especially among
people with minimal technical experience. On the other hand, struc-
tural interpretability focuses on understanding the internal mecha-
nisms of a ML model. Instead of just showing outcomes or visual
cues, structural interpretability tries to explain how and why a model
behaves the way it does by analysing its internal components like
weights, gradients, activations, and feature interactions. To deter-
mine how a model came to a certain conclusion, the strength and
direction of a weight are used to see which input features had the
most impact. This is often done using feature importance scores or
by tracing the flow of information through the network. Structural in-
terpretability requires technical insight and often mathematical tools.
Expert users tend to be the most appropriate audience for this ap-
proach because it does not work well for non-experts. The use of
both interpretive approaches should be integrated through percep-
tive methods to build user trust and structural methods to establish
robust validation, coordination, and system-level debugging [22].

In addition to these technical dimensions, recent research draws at-
tention to the distinction between technical XAI and human-centered
XAI. XAI approaches built for technical purposes focus on model en-
hancement and developer analysis. The techniques have three main
objectives that uncover system biases, boost operational capabilities
and verify stability levels. However, such methodologies are often
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inaccessible to end users. Human-centered XAI tends to be over-
looked in current research. It prioritises explanation formats that
users can engage with, such as natural language summaries, contex-
tual prompts, and preference-aware interactions [4].

Overall, explainability in SES should not be limited to the model
level. Instead, it should be seen as a system-level design challenge
involving interface design, data transparency, user feedback mecha-
nisms, and participatory development. As SES infrastructures grow
more complex and automated, explainability will become a founda-
tional requirement for trust, compliance, and long-term system re-
silience [4].

2.2.2 Existing Techniques

To deliver on these goals, several model-agnostic tools are now com-
monly used to generate explanations in Black Box models. Model-
agnostic techniques offer a flexible and powerful solution because they
can be applied to any predictive model, regardless of its internal struc-
ture. Rather than relying on the model’s internal structure, they
analyse input-output behaviour to generate meaningful explanations
[20].

One of the most well-known is LIME (Local Interpretable Model-
agnostic Explanations), which stands as one of the most recognised
methods for generating Black Box explanation models. The explana-
tion model constructs a basic surrogate model centred on a particular
prediction to determine the most influential features. This method
is especially suitable for local explanations and has been applied in
energy forecasting, appliance control, and occupancy modelling [8].
Implementing LIME involves generating a dataset of slightly mod-
ified inputs around the prediction of interest, training a simple in-
terpretable model, such as linear regression, on this data, and then
analysing the influence of each input feature based on the result-
ing surrogate model [20]. Another widely used technique is SHAP
(SHapley Additive exPlanations), which uses concepts from cooper-
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ative game theory to assign importance values to each feature in a
prediction. The technique provides global and local insight through a
mathematical foundation, which makes it a popular choice for its con-
sistent results. In SES applications, SHAP can explain complex inter-
actions between weather data, time-of-use pricing, and user behaviour
in energy forecasts or control decisions [8]. A third important model-
agnostic tool is ELI5 (“Explain Like I’m Five”). This method pro-
duces understandable explanations from weighted feature lists with
straightforward text outputs. ELI5 emerged as a programme designed
for classifications until developers applied it to improve explainability
of opaque systems [8]. In a smart home scenario, ELI5 might trans-
late a complex energy-saving action into a straightforward message:
“The heating was turned off because no one was home, and electricity
was expensive.”

In addition to these, counterfactual explanations continue to at-
tract interest as a practical way to communicate “what-if” scenar-
ios. Counterfactual explanations provide a practical understanding
of how minor changes in the model’s input data produce different
output results without exploring its inner mechanisms. For example,
a user might be shown that “if the outdoor temperature had been
2°C lower, the heating would have been activated.” The implemen-
tation process involves determining how a minimal modification of
input values changes the prediction outcome, then generating alter-
native scenarios to present the user with understandable contrasts
[20]. Other techniques focus more on visualisation. The predictive
effect of single features on model outcomes can be illustrated using
Partial Dependence Plots (PDPs) and Individual Conditional Ex-
pectation (ICE) visualisations across global and local scale. PDPs
aggregate predictions across the data set to show the general effect of
a feature, while ICE plots show how predictions change for individual
instances [20].

Despite their strengths, these methods come with several imple-
mentation difficulties. Using SHAP or LIME without contextual
adaptation can lead to miscommunication and confusion, particularly
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in environments where multiple users interact with multiple system
purposes. Therefore, explanation tools must be aligned with stake-
holders’ goals together with technical requirements and the broader
system architecture [21].

This raises the question: how can we ensure that explainability
methods are designed in a way that truly meets user needs? Ex-
isting techniques are often developed from a purely technical per-
spective and may fail to consider the diversity of users’ expectations,
experiences, and decision-making contexts. Addressing this challenge
requires shifting from explanation design focused solely on models to-
ward a more holistic, user-driven approach. In this context, require-
ment analysis and user-centered design are essential because they
provide structured ways to capture user expectations and translate
them into system features, which is directly relevant for this thesis as
it aims to connect explainability in SES with concrete user needs.

2.3 User-Centered Design and Requirement Analysis

To ensure that designs align with the needs, capabilities, and expec-
tations of their intended audience, user requirements play a critical
role in shaping XAI systems. Requirements can be defined as needs
that users express regarding the functionality, usability, and trustwor-
thiness of a system. These guide the design process of a system and
help developers balance technical feasibility with user needs [11, 10].
Without comparing design decisions with user requirements, XAI sys-
tems risk producing explanations that are technically accurate but
unintelligible or irrelevant to end-users.

Closely related to requirements analysis is the broader concept of
human-centered and UCD. Such methods put users in the center of
the design process and involve iterative cycles of prototyping, feed-
back and improvements. Human-centered design (HCD) builds on
the principle that development of a system is based upon a critical
insight into users’ contexts, tasks, and goals. Each stage of the de-
sign process is improved by integrating continuous user feedback. In
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this way, HCD ensures that the resulting explanations address users’
actual needs and challenges [23].

UCD is based on the same philosophy but focuses even more on
usability and user experience. In the context of XAI, UCD waives
the implementation of one-size-fits-all approaches and rather focuses
on creating the right explanation formats for specific user groups.
To achieve this, designers should consider users’ prior knowledge,
technical expertise, and the specific context in which the explanations
will be adapted [12].

Additionally, explainability is inherently contextual and goal-dependent,
since users seek explanations for diverse reasons [24]. Human- and
user-centered approaches are essential because they help uncover these
underlying goals and translate them into specific design requirements
for XAI. This iterative and participatory perspective ensures that
explanations evolve in response to real-world user needs instead of
remaining fixed based on initial assumptions.

By integrating requirement analysis with human- and UCD method-
ologies, XAI development can better address the gap between techni-
cal possibilities and user expectations. This alignment is particularly
crucial for SES, where users’ trust and understanding can directly
impact technology adoption and long-term engagement.

2.3.1 User-Centered Explanations in SES

The level of explainability needed for SES goes far beyond general
transparency in AI. SES are multi-layered environments in which AI
technologies interact with physical infrastructure, human behaviour,
and real-time contextual data. XAI in the energy sector has to be
applicable for multiple types of stakeholders. From technical system
operators to policymakers and everyday users, each of these groups
requires different levels and types of explanation. The application of
a standardised solution is not only ineffective, it can also reduce user
trust in recommendations and results, and thereby the adoption of
these systems [21]. In practice, this means that explainability in SES
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has to be audience-specific. A system operator might need techni-
cal breakdowns of model confidence or feature contributions to make
regulatory decisions or adjustments. In contrast, a household user
simply needs to understand why their heating system did not turn
on this morning. In this case, using detailed explanations about the
underlying algorithm would be too complex and could lead to confu-
sion and resistance towards the product. In fact, trust-based models
of user interaction show that even technically correct decisions can
reduce trust if the reasoning is not aligned with user expectations or
is communicated poorly [13]. Moreover, the dynamic and distributed
nature of SES makes them particularly vulnerable to errors if de-
cisions are not transparent. A wrong AI decision might influence
multiple downstream systems, like incorrectly predicting the heating
needs of the evening with the result of a shut down heat pump, lead-
ing to discomfort, manual overrides, and increased energy use. The
absence of explainability makes it complicated to identify where such
problems originate, which makes fixing issues in real time almost im-
possible. Beyond being a technical feature, explainability can also be
interpreted as a governance tool. It helps to ensure that systems stay
transparent, compliant, and trusted by their users [9].

Another challenge is that current explainability research mostly
concentrates on evaluating individual elements, like model outputs or
User Interface level feedback, while neglecting system-wide decision-
making processes of SES. But SES are not just collections of individ-
ual models. They are multi-layered, interconnected ecosystems where
context significantly influences data interpretation, the reception of
system outputs, and how users respond. System-wide explainabil-
ity is required, where the explanations are meaningful and users can
track decisions down to their root causes [21]. In addition, there is the
issue of participation and acceptance. User acceptance forms a key
requirement for smart systems to achieve success, since users do not
just act as data providers, but as decision-influencers. A study by van
der Werff and Steg (2016) found that participation in SES is strongly
dependent on personal values and sense of control. People are more
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likely to accept and support automated Energy Systems when they
correspond with their environmental identity, which makes explain-
ability not just a technological requirement, but also a psychological
one [14].

In smart home environments, explainability is essential for build-
ing trust and ensuring users feel in control of the systems that manage
their energy use. The primary need for household occupants goes be-
yond technical details since they seek easy to understand information
about the automated decision of the system. When HEMS operate
without clear explanations, users may feel confused, lose trust, or ig-
nore the system altogether. Effective explainability in smart homes
should contain syntactic, semantic, and pragmatic dimensions to en-
sure that explanations are clearly presented, cognitively accessible,
and contextually meaningful. Explainable systems should also be in-
teractive and adaptive, offering answers to questions like “Why did the
heating turn on?” while tailoring explanations to individual user re-
quirements. Explainability needs to function as an essential principle
which designers should incorporate from the beginning. For example,
by involving users in the development process through participatory
design or other human-computer interaction methods. This improves
seeing explainability as more than a technical feature and helps en-
sure transparent, trustworthy and supportive AI systems [4].

2.4 User Surveys

To effectively capture user requirements and needs, a common method
is through user surveys. They are particularly useful when researchers
need to reach a broad range of participants and collect standardised
data across different user groups.

User surveys are research tools which make use of different meth-
ods like interviews, questionnaires, panel surveys, or observations to
collect data from a specified sample of people. They are designed to
systematically gather information about participants’ opinions, atti-
tudes, behaviours, or experiences, usually with the goal of identifying
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trends or patterns in a target population [25]. Depending on the goals
of the study and the resources available, surveys can be conducted in
person, over the phone, online, or via mailed forms. One of the most
commonly used survey methods is the questionnaire, which provides a
consistent format for asking participants standardised questions that
can be compared across respondents [26].

Questionnaires are used to obtain quantitative and qualitative
data efficiently, making them well-suited for large-scale studies with
generalisable results. This method offers several strengths. Surveys
can be done on a large scale and in a cost-effective way while collect-
ing large datasets from diverse populations. Through the anonymity
of the setup, participants respond in a more honest way. The stan-
dardised format additionally ensures comparability of results across
respondents [25, 27]. At the same time, surveys do have limitations.
Response rates can be low, which may affect the representativeness of
the results, and questions must be carefully designed to avoid ambi-
guity and bias [26]. Furthermore, surveys rely on self-reported data,
which means they may not always reflect actual user behaviour [27].
Nevertheless, despite these challenges, surveys are a reliable way of
capturing user requirements.

To capture complex and abstract concepts like user attitudes to-
wards explainability in SES, surveys can offer a structured way. Through
targeted and specific questioning, perceived trust, challenges or wor-
ries towards AI are revealed. They also enable the analysis of how
these attitudes vary across demographic groups, technical expertise
levels, and usage contexts. To assess user engagement with digital
energy solutions, surveys have already been widely used and have
proven to be an effective tool to highlight barriers to adoption as well
as opportunities for improvement [27]. Since SES technologies have
a far-reaching impact on various stakeholders, surveys can detect di-
verse perspectives which might have been overlooked. This is helpful
for ensuring that explainability is not treated as an afterthought but
is part of the design process from the start.

In summary, this literature review highlights three main insights.
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First, SES represent an evolving infrastructure integrating electricity,
heating, cooling, transport, and storage. This offers both opportu-
nities for efficiency and sustainability as well as challenges around
complexity, privacy, and trust. Second, XAI provides a critical toolset
for addressing these challenges, but its impact depends on moving be-
yond technical explainability. Human- and User-Centered approaches
can be utilised to adapt to each user’s needs. Third, surveys emerge as
an effective method for capturing these needs, helping to understand
user perceptions, challenges, and preferences in relation to SES.

Together, these insights underline that explainability in SES is
not simply a technical issue but a socio-technical one, requiring an
understanding of how users engage with the systems in their everyday
lives. The following analysis builds on survey data to explore user
adoption, motivations, challenges, and perceptions of explainability,
with the aim of deriving actionable insights for user-centered SES
design.

3 Methodology

Building on these insights, a survey-based study was adapted to ex-
plore the perception of SES and the corresponding explainability in
real-world settings. The methodological frameworks described in this
chapter centre on the analysis of a structured questionnaire, designed
to uncover user experiences, expectations, and preferences related to
SES and explainable AI. The study is based on an existing survey de-
veloped by Kordulová (2024), created to explore these themes within
Austrian EC [17]. The methodology section is divided into two parts,
containing the explanation of the structure, distribution, and logic of
the survey as well as details about the data preparation steps and
analysis techniques employed to interpret the results.
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3.1 Survey

This thesis is based on a survey originally designed by Kordulová
(2024), developed to investigate the level of explainability in SES
perceived by users, as well as their requirements for understandable
and user-friendly energy technologies. The survey was created to give
a voice to everyday users of SES within the Austrian EC. It offered
a human-centered perspective in understanding how people interact
with smart systems and what type of communication and decision
transparency they find most useful [17].

The survey was conducted online and shared mostly through local
EC across Austria in 2024. The promotion took place across commu-
nity channels and social groups, which helped ensure participation
from individuals who had hands-on experience with SES or were in
contact with discussions around renewable energy. In total, 49 par-
ticipants completed the survey. The sample was relatively diverse in
terms of age, technical knowledge, and geography, though the male
participant group was dominant (89.8%) [17]. Because of this imbal-
ance, gender was not included in the analysis, as the lack of variation
would have made results unreliable.

In the survey, demographic and contextual questions were com-
bined with attitudinal and preference-based items. There were 18
questions in total, where the last two created a space for participants
to leave notes and add their email address to receive updates on the
survey’s results. A mix of closed multiple-choice questions, 5-point
Likert scales, and ranking formats was used. The first part focused
on user experiences with SES, including usage patterns, motivations,
encountered challenges, and views on the role and design of explain-
ability. Demographic data, including technical expertise, age, gender,
duration of membership in an energy community, and living situation,
were collected in the last section [17].

In order to make the analysis relevant and properly organised,
five thematic blocks of survey questions were formed. The blocks
were examined in relation to the demographic and background data
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(Questions 12-16), which included comparing responses based on par-
ticipants’ age, technical expertise, length of membership in EC, and
the type of area they live in. The combined analysis of theme-specific
questions with user background information helped to uncover deeper
patterns and potential user segments.

The first group (Question 1) focused on how the users adapted
smart systems. The Question used consists of asking whether respon-
dents currently use any form of SES, such as smart heating, energy
management software, or EV charging tools. This was used to deter-
mine the SES users and non-users and compare their responses under
the following sections. The second block (Question 2) examined user
motivations and was based on the question asking participants to se-
lect the most important reasons for using SES. Motivations like saving
money, improving energy efficiency, or managing usage based on real-
time data were being examined, which helped to uncover what people
value most. The third block (Question 3) addressed user challenges
when using SES. This included technical reliability, understanding
the system’s decisions, or compatibility with other devices.

The fourth group of questions (Questions 4-8) was formed to find
out more about users’ general attitude toward explainability and re-
lated system behaviours. Users were asked to rate how much they
value different principles, such as clarity in energy-related decisions,
system adaptability to individual needs, transparency in system func-
tionalities, and the degree to which trust is influenced by the system’s
understanding of user needs. Question 8 complemented these items
by directly asking how important explainability is perceived by the
users overall. This group’s commonality is that the questions focus
more on users’ conceptual orientation, attitudes, and expectations
regarding the desired functionality of a SES rather than focusing on
particular system features. This context is enhanced by Question 8,
since it measures explainability not as a function, but as a guiding
value which influences user trust and system engagement. The final
set of questions (Questions 9-11) focused on how explainability can be
applied in practice. Here, users were asked to select the most impor-
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tant benefits of explainability, rank the factors that affect their trust
in explanations, and choose preferred formats for receiving those ex-
planations. While the fourth group looked at values and beliefs, this
group captured users’ concrete preferences and interaction expecta-
tions. These questions reflect a move from "what should a system
ideally represent" to "how should a system actually communicate
with me." These responses offer insights into how explainability fea-
tures can be implemented in UCDs. The analysis of this set helped
to relate user needs to the appropriate technical solutions.

3.2 Analysis Methods and Algorithms

To derive underlying information from the survey data, this study
applies a combination of statistical and machine learning methods
to explore user behaviour, attitudes toward SES, and preferences re-
garding explainability.

Data preparation ensures consistency and comparability across
variables. Responses to multiple-answer questions are transformed
into binary variables, while ranking questions are encoded numeri-
cally based on the order given by participants. The continuous vari-
able age is categorised into ten-year steps to allow for grouped com-
parisons. No incomplete or invalid answers had to be removed. De-
mographic characteristics, usage behaviours, and general attitudes to-
ward SES and explainability are summarised using descriptive statis-
tics. Frequencies, percentages, means, and standard deviations pro-
vide an overview of the data. Relationships between categorical vari-
ables are examined with cross-tabulations, while grouped means high-
light trends in attitudes across demographic groups. T-tests and
one-way ANOVA tests assess whether differences in group means are
statistically significant.

Correlation analysis further explores relationships between vari-
ables. Depending on data distribution, Pearson or Spearman co-
efficients capture patterns in how users evaluate concepts such as
trust in AI-generated content. Principal Component Analysis (PCA)
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reduces dimensionality and identifies hidden structures in explain-
ability dimensions. This method allows user attitudes to be inter-
preted along more abstract dimensions, such as awareness and per-
sonalisation. Because of the small sample size, bootstrapping is used
to test robustness. By repeatedly resampling the dataset and re-
estimating component loadings, confidence intervals are generated,
showing whether observed structures are stable or influenced by ran-
dom variation [28]. K-Means clustering groups participants based on
their selections of explainability benefits and preferred formats. This
unsupervised method highlights distinct user patterns and supports
the interpretation of explainability needs [29].

In addition, a simple rule-based segmentation approach defines
three user profiles. These segments are validated against other survey
dimensions through cross-tabulations and statistical tests.

Together, these methods provide a structured exploration of how
different users perceive, experience, and value explainability in the
context of SES, while highlighting the diversity of needs that inform
the development of transparent, user-aligned AI tools.

4 Analysis

Following the thematic grouping of survey questions outlined in Sec-
tion 3.1, the results are presented in five main parts: SES usage,
motivations, key challenges, perceptions of explainability dimension,
as well as benefits, trust factors and preferred formats. Each section
reports the statistical findings within its thematic block and considers
relevant demographic and background variables.

For each thematic block, detailed response distributions with cor-
responding confidence intervals are provided in the appendix. In the
following, only the most relevant results are highlighted in the text,
while full tables can be consulted for additional detail. Unless other-
wise specified, all percentages are calculated based on the full sam-
ple (N = 49). For subgroup analyses, both percentages and absolute
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numbers (n of N) are reported to ensure transparency, given the small
sample size. For clarity, statistical values (Cramér’s V, p-values) are
reported only for relationships that reached statistical significance.
Where no values are provided, the corresponding associations were
not statistically significant.

This section is limited to a factual presentation of the statistical
results, including absolute counts, percentages, and subgroup com-
parisons. No interpretation is offered here, since the aim is to provide
a clear and objective basis for the patterns that will be explored in
Sections 5 and 6.

4.1 User Adoption of SES

Amongst our participants, SES are already widely used. Out of the 49
respondents, 34 people (69.4%) reported that they currently use SES,
while 15 participants (30.6%) indicated that they do not. Looking
at how long people have been using these systems, it becomes clear
that adoption is still quite new. Only one participant had more than
three years of experience, while most respondents fell into the “Recent
Adopter” category. Specifically, 4 users (11.8%) had joined within the
past six months, 11 users (32.4%) between six months and one year,
and the largest group, 18 users (52.9%), reported using SES for one
to three years. This means that over 95% of SES users have started
their journey within the past three years.

Looking at technical knowledge shows a strong link between ex-
pertise and adoption. None of the participants without technical
knowledge reported using SES (0 of 5). Among those with basic
knowledge, adoption rose to 63.2% (12 of 19). The highest uptake
was found among participants with higher expertise, where 88.0%
(22 of 25) reported active use. Statistical tests confirm that this rela-
tionship is significant, with a strong effect size (Cramér’s V = 0.567,
Spearman r = 0.50, p < 0.001).

Age also played a role in adoption. The highest usage was found
among respondents aged 36–45 years (78.6%, 11 of 14) and 46–55
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years (76.9%, 10 of 13). Slightly lower rates appeared among partic-
ipants aged 56–65 (71.4%, 5 of 7) and those under 35 (54.5%, 6 of
11). The lowest adoption was observed in the oldest group, with only
50.0% (2 of 4) of participants aged 65 or older reporting SES use.

Settlement size revealed further variation. In small communities
(<5,000 inhabitants), adoption reached 73.3% (22 of 30). Partici-
pants from small towns (5,000–20,000) showed a lower rate at 61.5%
(8 of 13). Both respondents from medium-sized cities (20,000–100,000)
reported using SES (100%, 2 of 2), while in large cities (>100,000),
adoption dropped again to 50.0% (2 of 4). Given the small number of
urban participants, results for these categories should be interpreted
with caution.

4.2 Motivations for SES Usage

When asked about their reasons for using SES, participants showed
a clear focus on practical benefits. The most frequently mentioned
motivation was reducing energy costs, selected by 39 out of 49 par-
ticipants (79.6%). Nearly as many, 34 participants (69.4%), chose
optimising their energy consumption. A smaller but still substantial
share of respondents named improving energy efficiency (42.9%, 21)
and proactive energy management (42.9%, 21). Less common were
informed decision-making (20.4%, 10), personalised energy manage-
ment (8.2%, 4). In the open responses, sustainable energy use was
mentioned three times and was therefore added as an additional mo-
tivation (6.1%).

Exploring differences across age groups revealed some distinct pat-
terns (see Figure 1. Energy optimisation was most strongly empha-
sised among respondents aged 36–45, where nearly all participants
(92.9%, 13 of 14) selected it. It was also commonly mentioned among
those under 35 (72.7%, 8 of 11) and those aged 56–65 (71.4%, 5 of
7). In contrast, participants in the 46–55 age group (46.2%, 6 of 13)
and in the 65+ group (50.0%, 2 of 4) chose optimisation less often.
Cost reduction, on the other hand, was consistently valued across
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Figure 1: Motivations Across Age Groups

all ages, though to varying degrees. It was particularly high among
participants aged 36–45 (92.9%, 13 of 14) and under 35 (90.9%, 10 of
11). Rates were slightly lower in the 46–55 group (76.9%, 10 of 13)
and among those aged 65+ (75.0%, 3 of 4). The lowest cost-related
motivation appeared in the 56–65 group, where only 42.9% (3 of 7)
selected it. Statistical testing confirmed these differences, showing a
moderate association between cost reduction and age group (Cramér’s
V = 0.41 p = 0.081).

Settlement size also influenced motivational patterns. Respon-
dents from large cities stood out, as half of them (50.0%, 2 of 4)
named personalised energy management as a key reason for using
SES. In comparison, only one participant in small towns (7.7%, 1 of
13) and one participant in small communities (3.3%, 1 of 30) men-
tioned this factor (Cramér’s V = 0.46, p = 0.015). Cost reduction
again proved to be a universal priority across all settlement sizes. Ev-
ery participant in large cities (100%, 4 of 4) mentioned it, along with
84.6% of those in small towns (11 of 13) and 76.7% of those in small
communities (23 of 30). Among the very small group of medium-sized
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city residents, only one of the two participants (50.0%) selected this
motivation. Sustainable energy use also showed some connection to
settlement size (Cramér’s V = 0.42, p = 0.031).

Analysing the relationship between SES usage and motivations re-
vealed that decision-making was particularly important for those who
had only recently adopted SES. Three of seven participants (42.9%)
with less than six months of experience selected it. Among partici-
pants with six to twelve months of experience, none (0 of 13) chose
decision-making as a motivation. In contrast, the share rose again
among those with one to three years of experience, where seven out
of 26 (26.9%) selected it, before dropping back to zero among the few
long-term users with more than three years of experience (0 of 3).

Technical knowledge levels showed relatively stable results in this
case. Around one in five participants in each group mentioned decision-
making: 20.0% (1 of 5) among those without technical knowledge,
21.1% (4 of 19) among those with basic knowledge, and 20.0% (5
of 25) among participants with higher expertise. In contrast, proac-
tive energy management was more clearly associated with knowledge
levels (Cramér’s V = 0.40, p = 0.021).

Additional statistical analysis revealed connections between moti-
vations. For instance, cost reduction and proactive energy manage-
ment were negatively correlated (Phi = –0.38, p = 0.012). A similar
pattern was found between energy optimisation and sustainable en-
ergy use (Phi = –0.38, p = 0.025).

4.3 Key Challenges in SES Usage

In question 3, most participants pointed to technical issues as a chal-
lenge when interacting with SES, which were mentioned by 36 respon-
dents (73.5%). Other common challenges included difficulty under-
standing system behaviour (19 participants; 38.8%) and integration
problems (18 participants; 36.7%). A smaller number of participants
mentioned data protection concerns and unclear energy impacts, each
reported by 15 participants (30.6%).
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Technical knowledge influenced which challenges were reported.
Participants with higher expertise most often named integration prob-
lems, with 60.0% (15 of 25) reporting this difficulty. By contrast, none
of the respondents without technical knowledge mentioned integra-
tion (0 of 5). Statistical testing confirmed this strong link between
technical knowledge and integration challenges (Cramér’s V = 0.50,
p = 0.002). Furthermore, technical issues were widespread across all
knowledge groups, with 80.0% (4 of 5) of participants without tech-
nical knowledge, 73.7% (14 of 19) with basic knowledge, and 72.0%
(18 of 25) with higher expertise reporting them.

The length of SES usage also shaped reported challenges. Every
participant with less than six months of experience (100.0%, 7 of
7) mentioned technical problems, while none in this group reported
unclear energy impacts (0 of 7). Those with more than three years of
experience described both technical issues and unclear energy impacts
at a rate of 66.7% (2 of 3). Data protection concerns were most
common among new users, with 42.9% (3 of 7) of those in the less-
than-six-months group mentioning them.

Relationships between different types of challenges also became
visible. Data protection concerns and unclear energy impacts were
positively associated (phi coefficient = 0.35, p = 0.019). At the same
time, unclear energy impacts showed a weaker but still notable asso-
ciation with integration challenges (phi coefficient = 0.28, p = 0.053).

4.4 User Perception of Explainability Dimensions

The explainability components in this survey were examined from
multiple perspectives to capture user evaluations of clear communica-
tion and information, adaptability to individual needs, the perceived
importance of explainability and the extent to which system under-
standing influences trust. Since explainability is a central factor for
acceptance and long-term usage, this section provides an overview of
participants’ ratings across the different dimensions and then explores
the underlying factor structure using PCA.

34



4.4.1 Overall Response Distribution

Ratings for the explainability components were generally high across
all categories. The most positive responses were given to the value
of clear communication about system functionalities, with 35 partic-
ipants (71.4%) rating it at the highest level and another 10 (20.4%)
at the second level, resulting in a total of 91.8% in the top two cat-
egories. Similarly, system understanding as a driver of trust was
strongly endorsed, with 33 participants (67.3%) at the highest level
and 11 (22.4%) at the second, adding up to 89.8% in the top two
levels.

Adaptability to user requirements received slightly lower but still
positive ratings. Nearly half of the participants (49.0%, 24) gave
it the highest rating, 40.8% (20) the second highest, and 10.2% (5)
the third level. None of the respondents rated this aspect at the two
lowest levels. Clarity of energy management decisions was rated more
variably. 51.0% (25) selected the highest level, 36.7% (18 of 49) the
second, 6.1% (3 of 49) the third, 4.1% (2) the fourth, and 2.0% (1) the
lowest. When asked about the overall importance of explainability,
29 participants (59.2%) rated it at the highest level, 18 (36.7%) at
the second highest, and 2 (4.1%) at the second lowest.

Significant relationships emerged between these variables. The
strongest association was found between communication clarity and
trust in system understanding (Cramér’s V = 0.66, Spearman r =
0.68, p < 0.001), showing that participants who valued clear com-
munication were also those most likely to report higher trust in the
system. Clear information and overall explainability importance were
also significantly linked (Cramér’s V = 0.62, Spearman r = 0.35, p <
0.01), as was communication clarity and overall explainability impor-
tance (Cramér’s V = 0.54, Spearman r = 0.35, p < 0.05). A moder-
ately strong relationship was also present between clear information
and communication ratings (Cramér’s V = 0.50, Spearman r = 0.42,
p < 0.01). Smaller, weaker effects were observed between adaptabil-
ity to user requirements and communication clarity (Cramér’s V =
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0.37, p < 0.03).

Statistical analysis further indicated that perceptions of explain-
ability were partly shaped by demographic factors. Clear communi-
cation varied significantly by settlement size (Cramér’s V = 0.41, p
= 0.003), and was also related to membership length (Cramér’s V =
0.33, Spearman r = 0.31, p = 0.029). The perceived overall impor-
tance of explainability was associated with settlement size as well,
though with a weaker effect (Cramér’s V = 0.37, p = 0.033).

4.4.2 Principal Component Analysis of Explainability Dimensions

To examine the underlying structure of users’ responses, a principal
component analysis was first conducted on the four Likert-scale items
(Q4–Q7) relating to clarity, adaptability, communication, and trust.
Bartlett’s test of sphericity confirmed the suitability of the data (p
< 0.001), and the Elbow Method indicated that two components
should be retained. The resulting solution revealed a first principal
component loading positively on all four items, suggesting a general
“explainability and clarity” factor. The second component contrasted
adaptability to user requirements with clarity of information, pointing
to a potential trade-off between personalisation and transparency.

To capture the broader construct of explainability more compre-
hensively, an additional PCA was performed, including the global
item on the importance of explainability (Q8). Bartlett’s test of
sphericity again confirmed suitability (p < 0.001), and the Elbow
Method once more supported a two-component solution. This model
yielded eigenvalues of 1.24 for the first component and 0.56 for the
second, explaining 47.9% and 21.9% of the variance, respectively (cu-
mulative 69.8%). Because the overall structure was highly similar
to the four-item solution, but the inclusion of Q8 reinforced the in-
terpretability of both dimensions, the five-item model was chosen for
reporting. Figure 2 presents the projection of respondents on the first
two principal components (PC1 and PC2), coloured by their mean
agreement score (‘Survey index’).
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Figure 2: PCA Projection on Survey Items

The first principal component (PC1) loaded positively on all five
variables, with particularly high loadings for clear communication
(0.57), the importance of understanding the system (0.50) and ex-
plainability (0.41). As shown in Figure 2, respondents with higher
survey indices (red tones) are positioned on the right-hand side of
PC1, while those with lower scores (blue tones) cluster on the left,
which shows how the component captures users’ tendencies of valu-
ing explainability and communication. The second component (PC2)
showed a more differentiated structure. It was characterised by strong
positive loadings for clear information (0.54) and importance of ex-
plainability (0.54), while adaptability to user requirements loaded
negatively (-0.48). This indicates that PC2 reflects a contrast be-
tween transparency and adaptability.

To assess the stability of these results, a bootstrap procedure was
applied. The findings confirmed that several PC1 loadings were sta-
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tistically reliable, as their confidence intervals did not include zero.
Clear information (loading = 0.66, CI [0.28, 0.95]), transparent com-
munication (loading = 0.50, CI [0.16, 0.67]), understanding trust
(loading = 0.42, CI [0.09, 0.62]), and the importance of explain-
ability (loading = 0.29, CI [0.05, 0.43]) remained significant under
resampling. These results strengthen the interpretation of PC1 as a
robust general explainability dimension.

Associations between component scores and background variables
were further tested using ANOVA. Although most results were not
statistically significant, one noteworthy finding emerged: age group
was significantly related to PC2 (F = 2.74, p = 0.040), suggest-
ing generational differences in how transparency and adaptability are
weighted. No significant associations were found for SES usage, tech-
nical knowledge, gender, membership length, or settlement size.

4.5 Benefits, Trust Factors, and Preferred Formats of Ex-
plainability

This final part of the analysis turns to participants’ perceptions of the
benefits and practical aspects of explainability. While the previous
sections focused on attitudes toward and evaluations of explainabil-
ity dimensions, here the emphasis lies on the functions that explain-
ability can fulfil, the factors shaping trust and acceptance, and the
preferred modes of delivering explanations. Together, these results
provide a more applied perspective on how explainability can best be
implemented in SES.

Understanding how the system works and makes decisions was the
most frequently chosen benefit of explainability, endorsed by 65.3%
(32) of participants. Almost equally important was the role of ex-
plainability in building trust and increasing acceptance of system
recommendations, selected by 63.3% (31). Customisation according
to individual needs was also highly valued (53.1%, 26), followed by
the provision of energy consumption insights (46.9%, 23). The least
frequently mentioned benefit was the identification of potential is-
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sues or problems, chosen by 32.7% (16) of respondents. Statistical
analysis highlighted meaningful associations within benefits. For ex-
ample, the choice of energy insights was significantly related to the
identification of issues (phi = 0.26, Spearman r = –0.31, p = 0.032)
and customisation showed a similar relationship with issue identifi-
cation (phi = 0.26, Spearman r = –0.30, p = 0.034). Differences
also appeared by technical knowledge, with participants without any
expertise unanimously prioritising system understanding (100%, 5 of
5), while none of them valued energy insights. In contrast, those
with basic knowledge strongly favoured energy insights (63.2%, 12 of
19), and participants with higher expertise placed greater emphasis
on trust acceptance (72.0%, 18 of 25) and on the ability to identify
system issues (40.0%, 10 of 25) (Cramér’s V = 0.36, p = 0.038).

When asked what factors most influence trust in system explana-
tions, clarity clearly dominated. Clear, concise, and easy-to-understand
explanations were ranked first by two-thirds of participants (65.3%,
32) and second by another 22.4% (11). By contrast, tailoring ex-
planations to individual needs was rarely considered most important
(10.2%, 5), while many placed it second (32.7%, 16) or third (40.8%,
20). Explanations that provided insight into system reasoning were
similarly ranked in the middle, while consistency with personal energy
understanding was most often rated least influential, placed fourth by
55.1% (27) of participants. The relationships between these factors
were also reflected in significant within-group associations. For in-
stance, clarity and consistency were strongly associated (Cramér’s
V = 0.49, Spearman r = –0.51, p < 0.001), as were clarity and in-
dividual tailoring (Cramér’s V = 0.41, p = 0.003) (see Figure 3).
Overall, these results suggest that while tailoring and alignment may
play supporting roles, clarity and simplicity remain the most decisive
trust factors.

Format preferences for explanations confirmed the importance of
multimodal approaches. The most popular choice was a combination
of text, visual, and interactive elements, selected by 59.2% (29) of
participants. Visual explanations, such as charts or dashboards, were
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Figure 3: Spearman Correlation Heatmap between Explanation Variables

equally popular (59.2%, 29), while interactive visualisations that al-
low data exploration were chosen by 49.0% (24). In contrast, fewer
participants opted for chatbots (28.6%, 14) or static text-based expla-
nations (18.4%, 9). In the open responses, one participant mentioned
they would prefer a video explanation, while one person suggested ex-
planations through human conversation. At the demographic level,
preferences varied. Text-based formats were significantly more com-
mon in large cities (50.0%, 2 of 4) and small towns (38.5%, 5 of 13)
than in small communities (3.3%, 1 of 30) (Cramér’s V = 0.50, p =
0.007). Membership length was associated with format selection as
well, particularly regarding text-based explanations (Cramér’s V =
0.42, p = 0.035). Within-group analysis further revealed strong links
between certain format choices. Participants who valued interactive
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visualisations were also significantly more likely to select visual ex-
planations (phi = 0.44, Spearman r = 0.48, p < 0.001), and those
who preferred multi-modal approaches also tended to value visuals
(phi = 0.31, Spearman r = –0.35, p = 0.013).

Although an attempt was made to segment participants using K-
Means clustering based on their selected explainability benefits as
well as the preferred explanation formats, the resulting clusters were
not clearly interpretable. The silhouette score was under 0.4 for all k,
and visual inspection using PCA projection showed significant over-
lap between groups. This indicates that participants’ preferences do
not fall into defined categories. They reflect soft patterns and over-
lapping expectations, which are going to be examined by focusing on
interpreting the relationships among variables instead of artificially
segmenting the sample.

Taken together, the analyses provide a structured overview of how
users adopt, experience, and evaluate SES, as well as how they per-
ceive explainability. While the focus here has been on presenting the
statistical patterns and relationships in the data, the next chapter
moves to interpretation. The interpretation highlights what the re-
sults mean for user engagement and trust by linking these findings to
broader contexts.

5 Interpretation of Analysis

This chapter provides an initial interpretation of the findings pre-
sented in the analysis. While the previous chapter focused on re-
porting the numerical results, the aim here is to highlight the most
relevant patterns and to discuss their possible implications. The
structure of this chapter follows the same contextual structure as
the analysis, working through user adoption of SES, motivations for
usage, key challenges, user perceptions of explainability, and finally,
the perceived benefits, trust factors, and preferred formats of expla-
nations.
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Adoption rates amongst participants were relatively high, with
most users having joined within the past three years, indicating that
SES remain a recent development for many. The clearest pattern was
that adoption was strongly tied to technical expertise. Participants
with higher knowledge were far more likely to use SES, while those
without any expertise did not adopt the technology at all. This points
to a knowledge gap that could limit wider uptake, as SES are unlikely
to have a large-scale impact if adoption remains limited to technically
skilled users. Age differences suggest that adoption peaks in mid-
life, where interest and resources to engage with new technology may
coincide, while younger and older groups remain more hesitant. The
somewhat higher adoption rates in small communities hint that local
contexts also matter, though numbers for urban respondents were
small.

Reducing costs and optimising energy use clearly dominated as
motivations, showing that participants primarily approach SES from
a practical and economic perspective. This suggests that financial
savings and efficiency remain the strongest entry points for adop-
tion, while more abstract goals such as informed decision making or
personalisation play only a minor role. Age patterns indicate that
younger and mid-aged users are especially focused on optimisation,
while cost reduction was consistently valued across all groups. The
link between technical knowledge and proactive energy management
highlights that expertise does not just influence whether people adopt
SES, but also how they use them. The negative correlations between
motivations of proactive energy management and cost savings further
suggest distinct orientations. Cost-focused users tend to prioritise
straightforward savings, while proactive management with real time
data is emphasised by more technically knowledgeable participants.
This finding indicates that financial and expert driven orientations
rarely overlap, pointing to different pathways of engagement with
SES.

The main challenge amongst the participants appeared to be tech-
nical problems, showing that difficulties with system functionality
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Figure 4: Shifts in Reported Challenges by SES Usage Length

remain a barrier across all user groups. However, the type of chal-
lenge varied with experience with SES and technical expertise. Users
with higher technical knowledge were more likely to highlight inte-
gration problems with other smart home devices, which suggests that
they engage more deeply with the technology and therefore notice
system-level shortcomings. Newer users mainly reported technical
difficulties, system behaviour issues, and data protection concerns,
reflecting surface-level challenges at the start of adoption (see Figure
4). The fact that unclear energy impacts were reported more often
among long-term users indicates that once initial technical problems
are overcome, attention shifts to whether systems actually deliver un-
derstandable value. These patterns underline that challenges are not
uniform but depend on knowledge and usage stage.

The descriptive analysis showed that explainability was consis-
tently valued across all measures, with clear communication and sys-
tem understanding emerging as the strongest drivers of trust. These
aspects were also closely linked with one another, underlining that
participants who valued clarity were the same who placed high im-
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portance on trust and overall explainability. These findings show that
explainability, communication, and trust are not separate dimensions
but part of a shared expectation for transparency The PCA analy-
sis reinforces this by showing that clarity of information, transparent
communication, trust in the system’s understanding, and the per-
ceived importance of explainability all loaded strongly on the first
component. This supports the notion that clarity and openness are
foundational to building trust in SES. For the second component,
the findings suggest that efforts to personalise or flexibly adapt sys-
tems may sometimes be perceived as reducing clarity, pointing to a
design trade-off. Interestingly, age group emerged as a significant
predictor of variation on this dimension. Younger and older respon-
dents weighted transparency and adaptability differently, implying
that generational preferences could shape how explainability should
be communicated. The absence of associations with other background
variables indicates that explainability is broadly valued across par-
ticipants.

The most valued benefit of explainability was understanding how
the system works, closely followed by its role in building trust. This
shows that users primarily expect explainability to provide clarity
about system decisions and to increase confidence in recommenda-
tions. Personalisation and energy insights mattered too, but only as
secondary benefits, which suggests that while users appreciate tailor-
ing, they first want a clear baseline of understanding and trust. Clar-
ity clearly dominated as the trust factor, highlighting that simple and
accessible explanations are decisive. Preferences for formats further
underline this point. Most users wanted visual or multimodal expla-
nations, suggesting that engagement improves when explanations are
tangible and interactive. The failed attempt to segment participants
based on benefits and formats is also revealing. Rather than forming
distinct categories, preferences overlap and blend, meaning segmen-
tation should focus on deeper orientations (such as motivations or
knowledge levels) rather than surface-level format choices.

When combined, the results’ interpretation reveals a number of
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recurring themes in the dataset. Technical knowledge emerged as the
most decisive factor, shaping not only adoption but also motivations,
challenges, and explainability preferences. Age and settlement size
also introduced variation, particularly in adoption rates, optimisation
motives, and preferred explanation formats. Across all groups, clarity
and trust played central roles, both in terms of motivations for usage
and in perceptions of explainability. At the same time, users differed
in the extent to which they valued adaptability, personalisation, and
more advanced system functions. These findings suggest the presence
of distinct user types, which will be explored in the following chapter
through the development of user segments.

6 User Segments

To structure the dataset into meaningful user types, different seg-
mentation approaches were tested. Since only a small proportion
of participants reported no technical knowledge (around 10%), these
cases were combined with the medium-knowledge group, resulting
in two categories: lower knowledge (n=24) and higher knowledge
(n=25). Several attempts were made to define user groups based
on motivational and benefit variables. However, these approaches
proved unbalanced, as almost all participants clustered around the
same two motivations, lower energy cost and optimising energy use.
This meant that many respondents could not be clearly allocated to
distinct groups, leaving large portions of the dataset in undefined
categories.

To avoid this problem, the final segmentation was built on two
dimensions that consistently differentiated participants throughout
the analysis technical knowledge and SES adoption. This approach
produced three stable and interpretable groups, namely Expert Op-
timisers (higher knowledge and adopters, n=22), Pragmatic Cost-
Savers (lower knowledge and adopters, n=12), and Clarity-Seeking-
Non-Adopters (lower knowledge and non-adopters, n=12). A small
additional group of higher-knowledge non-adopters (Sceptical Ex-
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perts) existed but was dropped from further analysis due to its very
low size (n=3), which would not allow reliable comparisons. These
groups were then tested against all other variables in the dataset
using cross-tabulations and chi-square tests of independence. The
results were interpreted both in terms of statistical significance and
descriptive tendencies. This final solution therefore balances inter-
pretability and robustness while ensuring that almost all respondents
are meaningfully represented.

6.1 Expert Optimisers

Expert Optimisers (n = 22) combined higher technical knowledge
with SES adoption. In terms of motivations, cost reduction was cen-
tral (81,8%). Furthermore, most participants in this group reported
optimising energy use (63,6%) as well as proactive energy manage-
ment (63,6%) as additional motivations for SES usage. Other moti-
vations, such as decision-making, efficiency, sustainable energy use,
or personalisation, played only minor roles.

The clearest challenge for Expert Optimisers was system integra-
tion, reported by 63,6% participants (see figure 5). This was the only
statistically significant result across challenges (Cramér’s V = 0.50, p
= 0.002), highlighting that this technically knowledgeable and expe-
rienced group may run into more complex implementation problems.
Technical issues and difficulties understanding system behaviour were
also widespread, but at levels similar to the other segments.

Regarding benefits, understanding the system and building trust
were mentioned by around two-thirds of participants (59,1% and
68,2%). Energy insights and customisation were also noted by roughly
half of the group, though without clear differences from the other
segments. For format preferences, visual explanations were clearly
dominant (72,7%), and interactive options were also frequently cho-
sen (68,2%). Multi-modal explanations split the group evenly (50%).
Text-based explanations and chatbots were less common.

Overall, Expert Optimisers can be described as technically con-
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Figure 5: Integration Challenges by Segment (Cramér’s V = 0.495, p = 0.0015)

fident adopters who approach SES with a strong focus on cost re-
duction but also use their expertise to actively manage and optimise
their energy use. Their main struggles lie not in basic technical issues,
but in more advanced integration challenges, reflecting their deeper
engagement with the technology. They value clear, visual, and inter-
active explanations that help them make sense of complex systems,
while also appreciating trust and system understanding as benefits.
This group represents early and knowledgeable adopters who push
SES to its limits, but whose needs highlight the importance of ad-
vanced support and seamless system integration.

6.2 Pragmatic Cost-Savers

Pragmatic Cost-Savers (n = 12) were adopters with lower levels of
technical knowledge. As expected, cost reduction was the strongest
motivation (75%). Optimisation was also highly present (91,6%),
although proactive energy management was far less common (25%).
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Other motivations, such as decision-making, efficiency, or sustainable
energy use, played a very limited role.

In terms of challenges, this group most often cited technical is-
sues (75%). Only one participant mentioned integration, showing a
sharp contrast to Expert Optimisers. Some participants reported dif-
ficulties with energy consumption (41,7%), though this result did not
reach significance. When it came to benefits, Pragmatic Cost-Savers
particularly emphasised energy insights (75%). This result was sta-
tistically significant (Cramér’s V = 0.30, p = 0.047) and set the group
apart from the others. Understanding the system and trust accep-
tance were mentioned by about half of the participants. For format
preferences, the group was split between visual explanations (50%)
and interactive formats (33,3%). Multi-modal approaches were cho-
sen by half of the group (50%). Text-based formats and chatbots
were also mentioned, but without strong consistency.

Pragmatic Cost-Savers are practical adopters who use SES mainly
as a way to cut costs and optimise their energy use, without engaging
too deeply in proactive management. Their limited technical knowl-
edge makes them more vulnerable to basic technical problems, but
also means they focus on tangible and straightforward benefits such
as energy insights. They show some openness to different explanation
formats but are less consistent in their preferences, suggesting that
simplicity and clarity are more important than format itself. This
group reflects a mainstream adopter type: motivated by economic
value, engaged enough to optimise, but unlikely to explore more ad-
vanced functions without clear and accessible support.

6.3 Clarity-Seeking-Non-Adopters

Clarity-Seeking-Non-Adopters (n = 12) combined lower technical knowl-
edge with a lack of SES adoption. Their motivations included cost
reduction (83,3%) and optimisation (58,3%), though proactive energy
management was rarely chosen (25%).

Challenges in this group resembled those of the Pragmatic Cost-
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Savers: technical problems were common (75%), while integration
issues were rare (16,7%). Difficulties with energy consumption were
reported by 4 participants (33,3%). The clearest difference for this
group was in benefits. Understanding the system was chosen by al-
most all participants (83,3%), more than in any other segment. Trust,
acceptance, and customisation were also mentioned by over half of the
group. Format preferences were characterised by a relative openness
to multi-modal solutions: 75% of participants selected this option,
more than in the other segments. Visual explanations were chosen
less frequently (41,7%), and only a few participants selected text-
based or chatbot formats.

Pragmatic Cost-Savers are practical adopters who use SES mainly
as a way to cut costs and optimise their energy use, without engaging
too deeply in proactive management. Their limited technical knowl-
edge makes them more vulnerable to basic technical problems, but
also means they focus on tangible and straightforward benefits such
as energy insights. They show some openness to different explanation
formats but are less consistent in their preferences, suggesting that
simplicity and clarity are more important than format itself. This
group reflects a mainstream adopter type: motivated by economic
value, engaged enough to optimise, but unlikely to explore more ad-
vanced functions without clear and accessible support.

Taken together, the three segments highlight different ways in
which users engage with or approach SES. Expert Optimisers are
highly knowledgeable adopters who push the technology further but
face advanced challenges such as integration. Pragmatic Cost-Savers
represent more typical adopters who are motivated by financial ben-
efits and energy insights, yet remain vulnerable to technical diffi-
culties. Clarity-Seeking-Non-Adopters, by contrast, have not yet
adopted SES but show interest if their need for trust and under-
standing can be met. The comparative profiles of these groups are
visualised in Figure 6, which illustrates their differing priorities across
motivations, challenges, benefits, and preferred formats. Together,
the segments capture a spectrum ranging from expert-driven engage-
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Figure 6: Motivation Profile by User Segment

ment to pragmatic mainstream usage to hesitant but interested non-
adopters. They suggest that successful strategies for promoting SES
adoption will need to be tailored, addressing not only technical func-
tionality and economic incentives but also the communicative clarity
that builds trust among less experienced users.

7 Discussion

This study set out to explore how users of SES differ in their moti-
vations, challenges, and perceptions of explainability, and how these
differences can be structured into meaningful user profiles. The re-
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sults show that explainability is not a uniform need but is shaped
by expertise, adoption status, and user orientation. Building on the
EUCA framework, which emphasises the importance of tailoring ex-
planations to end-users rather than treating them as a homogeneous
group [30], the identified segments provide a concrete entry point
for designing more effective and user-centered XAI strategies in the
energy domain.

A key contribution of this study is the segmentation of users into
three distinct profiles of engagement with SES. The EUCA frame-
work stresses that explainable AI must be designed with end-users in
mind, acknowledging their diverse roles, backgrounds, and explana-
tion needs rather than assuming a one-size-fits-all solution [30]. From
this perspective, the identified segments provide an important basis
for aligning explainability strategies with concrete user characteris-
tics.

Expert Optimisers, Pragmatic Cost-Savers, and Clarity-Seeking-
Non-Adopters each represent different points along the spectrum of
technical knowledge, adoption experience, and motivational orienta-
tion. According to EUCA, such variation fundamentally shapes how
users interpret and benefit from explanations, meaning that explana-
tion design cannot be detached from user profiling. In other words,
segmentation translates the abstract call for “end-user-centered XAI”
into a practical understanding of who the explanations are for, what
they seek to achieve, and how they should be communicated [30].

7.1 Techniques in Relation to User Segments

These user segments offer a useful foundation for creating explain-
able SES, since they make clear that different groups value and need
different forms of support. Matching appropriate techniques to each
segment is therefore a promising starting point for translating user
profiles into concrete design choices. The following section compares
existing approaches and discusses their suitability in light of the three
identified segments.
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The segmentation results provide a concrete basis for matching
existing explainability techniques to different user needs. As the
EUCA framework emphasises, explanation design must be sensitive
to user expertise, goals, and context [30]. Each of the three identified
segments—Expert Optimisers, Pragmatic Cost-Savers, and Clarity-
Seeking-Non-Adopters—differs in terms of technical knowledge, mo-
tivations, and adoption stage, making some techniques more suitable
than others.

For Expert Optimisers, high levels of technical knowledge and
proactive engagement suggest that more advanced explanation tools
can be meaningfully applied. Techniques such as SHAP, which pro-
vide both local and global insights into feature importance, align
with their capacity to engage with mathematical and structural inter-
pretability [8]. LIME can also be effective for this group, particularly
when used to debug and validate system decisions at a local level [20].
Visualisation techniques such as PDPs or ICE plots are also suitable,
since Expert Optimisers are motivated by optimisation and proactive
energy management and are likely to benefit from interactive tools
that allow them to explore feature interactions.

Pragmatic Cost-Savers, in contrast, display lower technical ex-
pertise and a stronger focus on economic benefits. For this group,
techniques that emphasise perceptive interpretability are more ap-
propriate. ELI5, with its straightforward textual explanations, is
well-suited to their practical orientation [8]. Counterfactual expla-
nations can also be useful, particularly when framed in cost-related
scenarios (e.g., “If you had shifted your appliance use by one hour,
you would have saved X%”), since these resonate directly with their
financial motivations [20]. Visual dashboards that combine energy
insights with simple highlight explanations may further support their
decision-making without overwhelming them.

While Clarity-Seeking-Non-Adopters are similar in their techni-
cal knowledge to Pragmatic Cost-Savers, they are not yet users of
SES. Their primary barrier lies not in actionability but in trust and
comprehension. For this group, explanations should focus on trans-
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parency and reassurance. ELI5-style text and multimodal approaches
combining visuals with natural language can address their need for
clarity [4]. Counterfactuals may also help by showing that the system
behaves consistently across scenarios, building reliability rather than
optimising outcomes. In this sense, explanations are less about imme-
diate benefits and more about lowering adoption barriers by fostering
confidence.

Taken together, these comparisons highlight that no single ex-
plainability technique is universally suitable. Rather, their effective-
ness depends on how they align with the expertise, motivations, and
adoption stage of the user segment in question. This underscores
the need for a user-centered approach to XAI in SES: Expert Op-
timisers benefit from detailed and technical interpretability, Prag-
matic Cost-Savers from cost-focused and practical explanations, and
Clarity-Seeking-Non-Adopters from clarity-driven and trust-building
communication.

7.2 Problems and Limitations

Several limitations need to be acknowledged when interpreting the
results of this study. The most important is the relatively small
sample size (n = 49). This limited the statistical power of the analysis
and likely contributed to the lack of significance in some tests. For
example, linear regressions and ANOVA tests on group means did
not produce significant results, which can reasonably be attributed to
insufficient sample size rather than the absence of meaningful effects.
In addition, the sample did not include balanced group sizes, making
it difficult to draw robust conclusions across all demographics. While
the patterns observed are informative, they should therefore be read
as indicative rather than definitive.

A further limitation concerns the segmentation approach. The
segmentation was based on a combination of technical knowledge
and SES adoption, which provided a clear and interpretable struc-
ture. However, this inevitably simplifies the data and risks overlook-

53



ing more nuanced motivational or behavioural differences. This risk
was partly mitigated by validating the segments against other vari-
ables such as motivations, challenges, and explainability preferences,
but some level of simplification remains.

Finally, with a sample size of 49, the identified segments are de-
scriptive and should not be taken as representative of the wider pop-
ulation. The relative sizes of the groups, in particular, cannot be
generalised. Instead, the segmentation can be seen as a starting point
that highlights meaningful user types and offers directions for future
research with larger, more representative datasets.

8 Conclusion

This thesis aimed to explore how SES can be improved to achieve
explainable and user-centered suggestions and predictions. After re-
viewing the literature on SES adoption, XAI, UCD, and requirement
analysis, the study turned to empirical data of the survey conducted
by Kordulová. The analysis combined descriptive statistics, principal
component analysis, and segmentation to uncover patterns in moti-
vations, challenges, and explainability needs. Together, these steps
provided both a conceptual and data-driven foundation for answering
the following research questions.

What are the key factors influencing user trust and satis-
faction in SES, and how do these factors vary across dif-
ferent demographic groups?

The results consistently showed that clarity and transparent com-
munication were the strongest drivers of trust and satisfaction. Clear
communication received the highest ratings, together with the ability
to understand system recommendations, as well as the overall value of
explainability. Trust and explainability proved to be highly intercon-
nected, which supports the idea that users perceive them as part of
a shared expectation for transparency instead of separate constructs.
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Although the demographic variations were limited due to the sam-
ple size, there were still noteworthy findings. Settlement size and
membership length were associated with perceptions of clarity and
importance of explainability, while age influenced adoption patterns.
The most important value appeared to be technical knowledge shap-
ing adoption, challenges, and motivations. This factor underlined a
knowledge gap which could restrict mainstream uptake.

What recurring themes and sentiments emerge from user
feedback on SES, and how can they inform system design
improvements?

Several recurring themes emerged from the survey data. First, the
most important motivations to adopt SES were cost reduction and
energy optimisation. At the same time, challenges such as techni-
cal problems and integration issues revealed barriers depending on
knowledge and experience with the technology. For example, new
users reported technical issues and data protection concerns, while
more advanced users noted difficulties integrating with other smart
home devices and unclear energy impacts.

On the explainability side, clarity, trust, and understanding of the
system’s decision-making were leading themes. The principal compo-
nent analysis again confirmed that these aspects are part of a broader
transparency dimension. System design should prioritise clear and
consistent explanations, while also acknowledging that users with dif-
ferent levels of expertise and experience face different challenges and
expectations.

What actionable recommendations can be derived from sur-
vey data to enhance the design of user-centric, explainable
SES?

The segmentation analysis distilled participants into three mean-
ingful user groups. Each profile highlights a different orientation
toward SES. Expert Optimisers are highly knowledgeable adopters
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who need advanced and interactive explanations to support proac-
tive energy management. Pragmatic Cost-Savers are driven by finan-
cial gain and prefer cost-oriented explanations. Clarity-Seeking-Non-
Adopters, on the other hand, remain hesitant toward the adoption
of SES but could be encouraged by explanations highlighting trans-
parency, trust and reassurance.

These profiles provide a summarised recommendation for XAI in
SES:

• For experts, integrate advanced visualisations (e.g., PDPs, ICE)
and local/global explanation tools (e.g., SHAP, LIME) to enable
detailed system exploration.

• For pragmatic adopters, prioritise simple textual or counterfac-
tual explanations tied to cost and efficiency outcomes.

• For hesitant non-adopters, focus on clarity-driven, multimodal
explanations that build trust and reduce perceived risks.

Taken together, the findings underline that explainability in SES
is not one-size-fits-all but must be tailored to different user segments.
This user-centered approach offers a practical pathway to increasing
adoption, satisfaction, and trust in Smart Energy Technologies.

8.1 Future Outlook

While this thesis provided an exploratory segmentation of SES users,
the limited sample size means the results cannot be generalised. Fu-
ture research with larger and more representative datasets could ap-
ply cluster analysis or latent class analysis to identify segments in
a more robust and confirmatory way. Such approaches would al-
low for testing the stability of the segments and for uncovering more
fine-grained differences that may not have been visible in the present
study.

Beyond segmentation, the findings highlight important next steps
for the design of explainable SES. Now that user segments and their
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fitting explanation techniques have been identified, the challenge is
to translate these insights into concrete design choices. This could in-
clude developing adaptive interfaces that adjust explanation formats
depending on the user profile, creating interactive dashboards that
combine energy insights with explanation layers, or building trust-
focused onboarding strategies for hesitant users. Integrating par-
ticipatory design methods, where end-users are directly involved in
shaping explanation features, would further ensure that explainabil-
ity remains aligned with actual user needs.

This thesis showed deeper insights into how people actually meet
and make sense of SES. By tracing adoption patterns, motivations,
challenges, and perceptions of explainability, and finally distilling
them into user segments, the study sketched out the different ways
users approach these technologies. Matching these profiles with suit-
able explainability techniques offered a first step towards making SES
not only more transparent but also more approachable and trustwor-
thy. Since research at the intersection of SES and XAI is only at the
beginning, the findings here offer a starting point for new ways of
designing systems that genuinely respond to user needs and can grow
into reliable companions in the transition to smarter, more sustain-
able energy use.
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Table 1: Confidence Intervals for Selections in
SESAdaptiopnCategory

Variable Category Group N nsuccesses Proportion CI Lower CI Upper

Ses Usage Technical Knowledge No technical knowledge 5 0 0.000 0.000 0.434
Ses Usage Technical Knowledge Basic knowledge of energy concepts 19 12 0.632 0.410 0.809
Ses Usage Technical Knowledge High level of technical expertise 25 22 0.880 0.700 0.958
Ses Usage Membership Length Less than 6 months 7 4 0.571 0.250 0.842
Ses Usage Membership Length 6 months to 1 year 13 11 0.846 0.578 0.957
Ses Usage Membership Length 1 to 3 years 26 18 0.692 0.500 0.835
Ses Usage Membership Length More than 3 years 3 1 0.333 0.061 0.792
Ses Usage Age Group Under 35 11 6 0.545 0.280 0.787
Ses Usage Age Group 36-45 14 11 0.786 0.524 0.924
Ses Usage Age Group 46-55 13 10 0.769 0.497 0.918
Ses Usage Age Group 56-65 7 5 0.714 0.359 0.918
Ses Usage Age Group 65+ 4 2 0.500 0.150 0.850
Ses Usage Population Small municipality 30 22 0.733 0.556 0.858
Ses Usage Population Small town 13 8 0.615 0.355 0.823
Ses Usage Population Medium-sized city 2 2 1.000 0.342 1.000
Ses Usage Population Large city 4 2 0.500 0.150 0.850

Table 2: Confidence Intervals for Selections in Motivation
Category

Variable Category Group N nsuccesses Proportion CI Lower CI Upper

Decision Making Technical Knowledge No technical knowledge 5 1 0.200 0.036 0.624
Decision Making Technical Knowledge Basic knowledge of energy concepts 19 4 0.211 0.085 0.433
Decision Making Technical Knowledge High level of technical expertise 25 5 0.200 0.089 0.391
Decision Making Membership Length Less than 6 months 7 3 0.429 0.158 0.750
Decision Making Membership Length 6 months to 1 year 13 0 0.000 0.000 0.228
Decision Making Membership Length 1 to 3 years 26 7 0.269 0.137 0.461
Decision Making Membership Length More than 3 years 3 0 0.000 0.000 0.561
Decision Making Age Group Under 35 11 3 0.273 0.097 0.566
Decision Making Age Group 36-45 14 2 0.143 0.040 0.399
Decision Making Age Group 46-55 13 1 0.077 0.014 0.333
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Table 2: Confidence Intervals for Selections in Motivation
Category

Variable Category Group N nsuccesses Proportion CI Lower CI Upper

Decision Making Age Group 56-65 7 4 0.571 0.250 0.842
Decision Making Age Group 65+ 4 0 0.000 0.000 0.490
Decision Making Population Small municipality 30 7 0.233 0.118 0.409
Decision Making Population Small town 13 2 0.154 0.043 0.422
Decision Making Population Medium-sized city 2 0 0.000 0.000 0.658
Decision Making Population Large city 4 1 0.250 0.046 0.699
Efficiency Technical Knowledge No technical knowledge 5 3 0.600 0.231 0.882
Efficiency Technical Knowledge Basic knowledge of energy concepts 19 6 0.316 0.154 0.540
Efficiency Technical Knowledge High level of technical expertise 25 12 0.480 0.300 0.665
Efficiency Membership Length Less than 6 months 7 2 0.286 0.082 0.641
Efficiency Membership Length 6 months to 1 year 13 6 0.462 0.232 0.709
Efficiency Membership Length 1 to 3 years 26 12 0.462 0.288 0.645
Efficiency Membership Length More than 3 years 3 1 0.333 0.061 0.792
Efficiency Age Group Under 35 11 3 0.273 0.097 0.566
Efficiency Age Group 36-45 14 6 0.429 0.214 0.674
Efficiency Age Group 46-55 13 6 0.462 0.232 0.709
Efficiency Age Group 56-65 7 3 0.429 0.158 0.750
Efficiency Age Group 65+ 4 3 0.750 0.301 0.954
Efficiency Population Small municipality 30 11 0.367 0.219 0.545
Efficiency Population Small town 13 7 0.538 0.291 0.768
Efficiency Population Medium-sized city 2 2 1.000 0.342 1.000
Efficiency Population Large city 4 1 0.250 0.046 0.699
Lower Energy Cost Technical Knowledge No technical knowledge 5 4 0.800 0.376 0.964
Lower Energy Cost Technical Knowledge Basic knowledge of energy concepts 19 15 0.789 0.567 0.915
Lower Energy Cost Technical Knowledge High level of technical expertise 25 20 0.800 0.609 0.911
Lower Energy Cost Membership Length Less than 6 months 7 5 0.714 0.359 0.918
Lower Energy Cost Membership Length 6 months to 1 year 13 12 0.923 0.667 0.986
Lower Energy Cost Membership Length 1 to 3 years 26 19 0.731 0.539 0.863
Lower Energy Cost Membership Length More than 3 years 3 3 1.000 0.439 1.000
Lower Energy Cost Age Group Under 35 11 10 0.909 0.623 0.984
Lower Energy Cost Age Group 36-45 14 13 0.929 0.685 0.987
Lower Energy Cost Age Group 46-55 13 10 0.769 0.497 0.918
Lower Energy Cost Age Group 56-65 7 3 0.429 0.158 0.750
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Table 2: Confidence Intervals for Selections in Motivation
Category

Variable Category Group N nsuccesses Proportion CI Lower CI Upper

Lower Energy Cost Age Group 65+ 4 3 0.750 0.301 0.954
Lower Energy Cost Population Small municipality 30 23 0.767 0.591 0.882
Lower Energy Cost Population Small town 13 11 0.846 0.578 0.957
Lower Energy Cost Population Medium-sized city 2 1 0.500 0.095 0.905
Lower Energy Cost Population Large city 4 4 1.000 0.510 1.000
Optimizing Energyuse Technical Knowledge No technical knowledge 5 3 0.600 0.231 0.882
Optimizing Energyuse Technical Knowledge Basic knowledge of energy concepts 19 15 0.789 0.567 0.915
Optimizing Energyuse Technical Knowledge High level of technical expertise 25 16 0.640 0.445 0.798
Optimizing Energyuse Membership Length Less than 6 months 7 4 0.571 0.250 0.842
Optimizing Energyuse Membership Length 6 months to 1 year 13 10 0.769 0.497 0.918
Optimizing Energyuse Membership Length 1 to 3 years 26 18 0.692 0.500 0.835
Optimizing Energyuse Membership Length More than 3 years 3 2 0.667 0.208 0.939
Optimizing Energyuse Age Group Under 35 11 8 0.727 0.434 0.903
Optimizing Energyuse Age Group 36-45 14 13 0.929 0.685 0.987
Optimizing Energyuse Age Group 46-55 13 6 0.462 0.232 0.709
Optimizing Energyuse Age Group 56-65 7 5 0.714 0.359 0.918
Optimizing Energyuse Age Group 65+ 4 2 0.500 0.150 0.850
Optimizing Energyuse Population Small municipality 30 22 0.733 0.556 0.858
Optimizing Energyuse Population Small town 13 7 0.538 0.291 0.768
Optimizing Energyuse Population Medium-sized city 2 2 1.000 0.342 1.000
Optimizing Energyuse Population Large city 4 3 0.750 0.301 0.954
Personalised Energymanagement Technical Knowledge No technical knowledge 5 0 0.000 0.000 0.434
Personalised Energymanagement Technical Knowledge Basic knowledge of energy concepts 19 2 0.105 0.029 0.314
Personalised Energymanagement Technical Knowledge High level of technical expertise 25 2 0.080 0.022 0.250
Personalised Energymanagement Membership Length Less than 6 months 7 1 0.143 0.026 0.513
Personalised Energymanagement Membership Length 6 months to 1 year 13 1 0.077 0.014 0.333
Personalised Energymanagement Membership Length 1 to 3 years 26 1 0.038 0.007 0.189
Personalised Energymanagement Membership Length More than 3 years 3 1 0.333 0.061 0.792
Personalised Energymanagement Age Group Under 35 11 3 0.273 0.097 0.566
Personalised Energymanagement Age Group 36-45 14 1 0.071 0.013 0.315
Personalised Energymanagement Age Group 46-55 13 0 0.000 0.000 0.228
Personalised Energymanagement Age Group 56-65 7 0 0.000 0.000 0.354
Personalised Energymanagement Age Group 65+ 4 0 0.000 0.000 0.490
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Table 2: Confidence Intervals for Selections in Motivation
Category

Variable Category Group N nsuccesses Proportion CI Lower CI Upper

Personalised Energymanagement Population Small municipality 30 1 0.033 0.006 0.167
Personalised Energymanagement Population Small town 13 1 0.077 0.014 0.333
Personalised Energymanagement Population Medium-sized city 2 0 0.000 0.000 0.658
Personalised Energymanagement Population Large city 4 2 0.500 0.150 0.850
Proactive Energymanagement Technical Knowledge No technical knowledge 5 0 0.000 0.000 0.434
Proactive Energymanagement Technical Knowledge Basic knowledge of energy concepts 19 6 0.316 0.154 0.540
Proactive Energymanagement Technical Knowledge High level of technical expertise 25 15 0.600 0.407 0.766
Proactive Energymanagement Membership Length Less than 6 months 7 3 0.429 0.158 0.750
Proactive Energymanagement Membership Length 6 months to 1 year 13 7 0.538 0.291 0.768
Proactive Energymanagement Membership Length 1 to 3 years 26 10 0.385 0.224 0.575
Proactive Energymanagement Membership Length More than 3 years 3 1 0.333 0.061 0.792
Proactive Energymanagement Age Group Under 35 11 4 0.364 0.152 0.646
Proactive Energymanagement Age Group 36-45 14 4 0.286 0.117 0.546
Proactive Energymanagement Age Group 46-55 13 8 0.615 0.355 0.823
Proactive Energymanagement Age Group 56-65 7 4 0.571 0.250 0.842
Proactive Energymanagement Age Group 65+ 4 1 0.250 0.046 0.699
Proactive Energymanagement Population Small municipality 30 14 0.467 0.302 0.639
Proactive Energymanagement Population Small town 13 5 0.385 0.177 0.645
Proactive Energymanagement Population Medium-sized city 2 1 0.500 0.095 0.905
Proactive Energymanagement Population Large city 4 1 0.250 0.046 0.699
Sustainable Energy Technical Knowledge No technical knowledge 5 1 0.200 0.036 0.624
Sustainable Energy Technical Knowledge Basic knowledge of energy concepts 19 1 0.053 0.009 0.246
Sustainable Energy Technical Knowledge High level of technical expertise 25 1 0.040 0.007 0.195
Sustainable Energy Membership Length Less than 6 months 7 0 0.000 0.000 0.354
Sustainable Energy Membership Length 6 months to 1 year 13 0 0.000 0.000 0.228
Sustainable Energy Membership Length 1 to 3 years 26 2 0.077 0.021 0.241
Sustainable Energy Membership Length More than 3 years 3 1 0.333 0.061 0.792
Sustainable Energy Age Group Under 35 11 0 0.000 0.000 0.259
Sustainable Energy Age Group 36-45 14 0 0.000 0.000 0.215
Sustainable Energy Age Group 46-55 13 1 0.077 0.014 0.333
Sustainable Energy Age Group 56-65 7 1 0.143 0.026 0.513
Sustainable Energy Age Group 65+ 4 1 0.250 0.046 0.699
Sustainable Energy Population Small municipality 30 0 0.000 0.000 0.114

Continued on next page

50



Table 2: Confidence Intervals for Selections in Motivation
Category

Variable Category Group N nsuccesses Proportion CI Lower CI Upper

Sustainable Energy Population Small town 13 3 0.231 0.082 0.503
Sustainable Energy Population Medium-sized city 2 0 0.000 0.000 0.658
Sustainable Energy Population Large city 4 0 0.000 0.000 0.490

Table 3: Confidence Intervals for Selections in Challenge Cat-
egory

Variable Category Group N nsuccesses Proportion CI Lower CI Upper

Data Protection Technical Knowledge No technical knowledge 5 1 0.200 0.036 0.624
Data Protection Technical Knowledge Basic knowledge of energy concepts 19 8 0.421 0.231 0.637
Data Protection Technical Knowledge High level of technical expertise 25 6 0.240 0.115 0.434
Data Protection Membership Length Less than 6 months 7 3 0.429 0.158 0.750
Data Protection Membership Length 6 months to 1 year 13 3 0.231 0.082 0.503
Data Protection Membership Length 1 to 3 years 26 8 0.308 0.165 0.500
Data Protection Membership Length More than 3 years 3 1 0.333 0.061 0.792
Data Protection Age Group Under 35 11 2 0.182 0.051 0.477
Data Protection Age Group 36-45 14 4 0.286 0.117 0.546
Data Protection Age Group 46-55 13 5 0.385 0.177 0.645
Data Protection Age Group 56-65 7 2 0.286 0.082 0.641
Data Protection Age Group 65+ 4 2 0.500 0.150 0.850
Data Protection Population Small municipality 30 7 0.233 0.118 0.409
Data Protection Population Small town 13 6 0.462 0.232 0.709
Data Protection Population Medium-sized city 2 0 0.000 0.000 0.658
Data Protection Population Large city 4 2 0.500 0.150 0.850
Energy Consumption Technical Knowledge No technical knowledge 5 2 0.400 0.118 0.769
Energy Consumption Technical Knowledge Basic knowledge of energy concepts 19 7 0.368 0.191 0.590
Energy Consumption Technical Knowledge High level of technical expertise 25 6 0.240 0.115 0.434
Energy Consumption Membership Length Less than 6 months 7 0 0.000 0.000 0.354
Energy Consumption Membership Length 6 months to 1 year 13 5 0.385 0.177 0.645
Energy Consumption Membership Length 1 to 3 years 26 8 0.308 0.165 0.500
Energy Consumption Membership Length More than 3 years 3 2 0.667 0.208 0.939

Continued on next page
51



Table 3: Confidence Intervals for Selections in Challenge Cat-
egory

Variable Category Group N nsuccesses Proportion CI Lower CI Upper

Energy Consumption Age Group Under 35 11 3 0.273 0.097 0.566
Energy Consumption Age Group 36-45 14 5 0.357 0.163 0.612
Energy Consumption Age Group 46-55 13 4 0.308 0.127 0.576
Energy Consumption Age Group 56-65 7 2 0.286 0.082 0.641
Energy Consumption Age Group 65+ 4 1 0.250 0.046 0.699
Energy Consumption Population Small municipality 30 10 0.333 0.192 0.512
Energy Consumption Population Small town 13 3 0.231 0.082 0.503
Energy Consumption Population Medium-sized city 2 1 0.500 0.095 0.905
Energy Consumption Population Large city 4 1 0.250 0.046 0.699
Integration Technical Knowledge No technical knowledge 5 0 0.000 0.000 0.434
Integration Technical Knowledge Basic knowledge of energy concepts 19 3 0.158 0.055 0.376
Integration Technical Knowledge High level of technical expertise 25 15 0.600 0.407 0.766
Integration Membership Length Less than 6 months 7 3 0.429 0.158 0.750
Integration Membership Length 6 months to 1 year 13 6 0.462 0.232 0.709
Integration Membership Length 1 to 3 years 26 8 0.308 0.165 0.500
Integration Membership Length More than 3 years 3 1 0.333 0.061 0.792
Integration Age Group Under 35 11 6 0.545 0.280 0.787
Integration Age Group 36-45 14 5 0.357 0.163 0.612
Integration Age Group 46-55 13 6 0.462 0.232 0.709
Integration Age Group 56-65 7 1 0.143 0.026 0.513
Integration Age Group 65+ 4 0 0.000 0.000 0.490
Integration Population Small municipality 30 12 0.400 0.246 0.577
Integration Population Small town 13 5 0.385 0.177 0.645
Integration Population Medium-sized city 2 0 0.000 0.000 0.658
Integration Population Large city 4 1 0.250 0.046 0.699
System Behaviour Technical Knowledge No technical knowledge 5 3 0.600 0.231 0.882
System Behaviour Technical Knowledge Basic knowledge of energy concepts 19 6 0.316 0.154 0.540
System Behaviour Technical Knowledge High level of technical expertise 25 10 0.400 0.234 0.593
System Behaviour Membership Length Less than 6 months 7 4 0.571 0.250 0.842
System Behaviour Membership Length 6 months to 1 year 13 5 0.385 0.177 0.645
System Behaviour Membership Length 1 to 3 years 26 10 0.385 0.224 0.575
System Behaviour Membership Length More than 3 years 3 0 0.000 0.000 0.561
System Behaviour Age Group Under 35 11 5 0.455 0.213 0.720
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Table 3: Confidence Intervals for Selections in Challenge Cat-
egory

Variable Category Group N nsuccesses Proportion CI Lower CI Upper

System Behaviour Age Group 36-45 14 6 0.429 0.214 0.674
System Behaviour Age Group 46-55 13 4 0.308 0.127 0.576
System Behaviour Age Group 56-65 7 2 0.286 0.082 0.641
System Behaviour Age Group 65+ 4 2 0.500 0.150 0.850
System Behaviour Population Small municipality 30 10 0.333 0.192 0.512
System Behaviour Population Small town 13 4 0.308 0.127 0.576
System Behaviour Population Medium-sized city 2 2 1.000 0.342 1.000
System Behaviour Population Large city 4 3 0.750 0.301 0.954
Technical Technical Knowledge No technical knowledge 5 4 0.800 0.376 0.964
Technical Technical Knowledge Basic knowledge of energy concepts 19 14 0.737 0.512 0.882
Technical Technical Knowledge High level of technical expertise 25 18 0.720 0.524 0.857
Technical Membership Length Less than 6 months 7 7 1.000 0.646 1.000
Technical Membership Length 6 months to 1 year 13 9 0.692 0.424 0.873
Technical Membership Length 1 to 3 years 26 18 0.692 0.500 0.835
Technical Membership Length More than 3 years 3 2 0.667 0.208 0.939
Technical Age Group Under 35 11 10 0.909 0.623 0.984
Technical Age Group 36-45 14 10 0.714 0.454 0.883
Technical Age Group 46-55 13 9 0.692 0.424 0.873
Technical Age Group 56-65 7 6 0.857 0.487 0.974
Technical Age Group 65+ 4 1 0.250 0.046 0.699
Technical Population Small municipality 30 21 0.700 0.521 0.833
Technical Population Small town 13 11 0.846 0.578 0.957
Technical Population Medium-sized city 2 1 0.500 0.095 0.905
Technical Population Large city 4 3 0.750 0.301 0.954

Table 4: Confidence Intervals for Selections in Benefit Cate-
gory

Variable Category Group N nsuccesses Proportion CI Lower CI Upper

Customisation Technical Knowledge No technical knowledge 5 4 0.800 0.376 0.964
Customisation Technical Knowledge Basic knowledge of energy concepts 19 9 0.474 0.273 0.683
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Table 4: Confidence Intervals for Selections in Benefit Cate-
gory

Variable Category Group N nsuccesses Proportion CI Lower CI Upper

Customisation Technical Knowledge High level of technical expertise 25 13 0.520 0.335 0.700
Customisation Membership Length Less than 6 months 7 2 0.286 0.082 0.641
Customisation Membership Length 6 months to 1 year 13 7 0.538 0.291 0.768
Customisation Membership Length 1 to 3 years 26 16 0.615 0.425 0.776
Customisation Membership Length More than 3 years 3 1 0.333 0.061 0.792
Customisation Age Group Under 35 11 3 0.273 0.097 0.566
Customisation Age Group 36-45 14 11 0.786 0.524 0.924
Customisation Age Group 46-55 13 6 0.462 0.232 0.709
Customisation Age Group 56-65 7 5 0.714 0.359 0.918
Customisation Age Group 65+ 4 1 0.250 0.046 0.699
Customisation Population Small municipality 30 17 0.567 0.392 0.726
Customisation Population Small town 13 8 0.615 0.355 0.823
Customisation Population Medium-sized city 2 0 0.000 0.000 0.658
Customisation Population Large city 4 1 0.250 0.046 0.699
Energy Insights Technical Knowledge No technical knowledge 5 0 0.000 0.000 0.434
Energy Insights Technical Knowledge Basic knowledge of energy concepts 19 12 0.632 0.410 0.809
Energy Insights Technical Knowledge High level of technical expertise 25 11 0.440 0.267 0.629
Energy Insights Membership Length Less than 6 months 7 2 0.286 0.082 0.641
Energy Insights Membership Length 6 months to 1 year 13 7 0.538 0.291 0.768
Energy Insights Membership Length 1 to 3 years 26 13 0.500 0.321 0.679
Energy Insights Membership Length More than 3 years 3 1 0.333 0.061 0.792
Energy Insights Age Group Under 35 11 6 0.545 0.280 0.787
Energy Insights Age Group 36-45 14 8 0.571 0.326 0.786
Energy Insights Age Group 46-55 13 4 0.308 0.127 0.576
Energy Insights Age Group 56-65 7 4 0.571 0.250 0.842
Energy Insights Age Group 65+ 4 1 0.250 0.046 0.699
Energy Insights Population Small municipality 30 13 0.433 0.274 0.608
Energy Insights Population Small town 13 7 0.538 0.291 0.768
Energy Insights Population Medium-sized city 2 1 0.500 0.095 0.905
Energy Insights Population Large city 4 2 0.500 0.150 0.850
Identify Issues Technical Knowledge No technical knowledge 5 1 0.200 0.036 0.624
Identify Issues Technical Knowledge Basic knowledge of energy concepts 19 5 0.263 0.118 0.488
Identify Issues Technical Knowledge High level of technical expertise 25 10 0.400 0.234 0.593
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Table 4: Confidence Intervals for Selections in Benefit Cate-
gory

Variable Category Group N nsuccesses Proportion CI Lower CI Upper

Identify Issues Membership Length Less than 6 months 7 3 0.429 0.158 0.750
Identify Issues Membership Length 6 months to 1 year 13 6 0.462 0.232 0.709
Identify Issues Membership Length 1 to 3 years 26 6 0.231 0.110 0.421
Identify Issues Membership Length More than 3 years 3 1 0.333 0.061 0.792
Identify Issues Age Group Under 35 11 5 0.455 0.213 0.720
Identify Issues Age Group 36-45 14 3 0.214 0.076 0.476
Identify Issues Age Group 46-55 13 5 0.385 0.177 0.645
Identify Issues Age Group 56-65 7 1 0.143 0.026 0.513
Identify Issues Age Group 65+ 4 2 0.500 0.150 0.850
Identify Issues Population Small municipality 30 10 0.333 0.192 0.512
Identify Issues Population Small town 13 4 0.308 0.127 0.576
Identify Issues Population Medium-sized city 2 1 0.500 0.095 0.905
Identify Issues Population Large city 4 1 0.250 0.046 0.699
Trust Acceptance Technical Knowledge No technical knowledge 5 3 0.600 0.231 0.882
Trust Acceptance Technical Knowledge Basic knowledge of energy concepts 19 10 0.526 0.317 0.727
Trust Acceptance Technical Knowledge High level of technical expertise 25 18 0.720 0.524 0.857
Trust Acceptance Membership Length Less than 6 months 7 5 0.714 0.359 0.918
Trust Acceptance Membership Length 6 months to 1 year 13 7 0.538 0.291 0.768
Trust Acceptance Membership Length 1 to 3 years 26 16 0.615 0.425 0.776
Trust Acceptance Membership Length More than 3 years 3 3 1.000 0.439 1.000
Trust Acceptance Age Group Under 35 11 8 0.727 0.434 0.903
Trust Acceptance Age Group 36-45 14 9 0.643 0.388 0.837
Trust Acceptance Age Group 46-55 13 7 0.538 0.291 0.768
Trust Acceptance Age Group 56-65 7 5 0.714 0.359 0.918
Trust Acceptance Age Group 65+ 4 2 0.500 0.150 0.850
Trust Acceptance Population Small municipality 30 18 0.600 0.423 0.754
Trust Acceptance Population Small town 13 8 0.615 0.355 0.823
Trust Acceptance Population Medium-sized city 2 1 0.500 0.095 0.905
Trust Acceptance Population Large city 4 4 1.000 0.510 1.000
Understand System Technical Knowledge No technical knowledge 5 5 1.000 0.566 1.000
Understand System Technical Knowledge Basic knowledge of energy concepts 19 12 0.632 0.410 0.809
Understand System Technical Knowledge High level of technical expertise 25 15 0.600 0.407 0.766
Understand System Membership Length Less than 6 months 7 5 0.714 0.359 0.918
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Table 4: Confidence Intervals for Selections in Benefit Cate-
gory

Variable Category Group N nsuccesses Proportion CI Lower CI Upper

Understand System Membership Length 6 months to 1 year 13 10 0.769 0.497 0.918
Understand System Membership Length 1 to 3 years 26 14 0.538 0.355 0.712
Understand System Membership Length More than 3 years 3 3 1.000 0.439 1.000
Understand System Age Group Under 35 11 6 0.545 0.280 0.787
Understand System Age Group 36-45 14 10 0.714 0.454 0.883
Understand System Age Group 46-55 13 10 0.769 0.497 0.918
Understand System Age Group 56-65 7 4 0.571 0.250 0.842
Understand System Age Group 65+ 4 2 0.500 0.150 0.850
Understand System Population Small municipality 30 19 0.633 0.455 0.781
Understand System Population Small town 13 9 0.692 0.424 0.873
Understand System Population Medium-sized city 2 2 1.000 0.342 1.000
Understand System Population Large city 4 2 0.500 0.150 0.850

Table 5: Confidence Intervals for Selections in Format Cate-
gory

Variable Category Group N nsuccesses Proportion CI Lower CI Upper

Chatbot Technical Knowledge No technical knowledge 5 1 0.200 0.036 0.624
Chatbot Technical Knowledge Basic knowledge of energy concepts 19 8 0.421 0.231 0.637
Chatbot Technical Knowledge High level of technical expertise 25 5 0.200 0.089 0.391
Chatbot Membership Length Less than 6 months 7 1 0.143 0.026 0.513
Chatbot Membership Length 6 months to 1 year 13 5 0.385 0.177 0.645
Chatbot Membership Length 1 to 3 years 26 7 0.269 0.137 0.461
Chatbot Membership Length More than 3 years 3 1 0.333 0.061 0.792
Chatbot Age Group Under 35 11 4 0.364 0.152 0.646
Chatbot Age Group 36-45 14 6 0.429 0.214 0.674
Chatbot Age Group 46-55 13 2 0.154 0.043 0.422
Chatbot Age Group 56-65 7 2 0.286 0.082 0.641
Chatbot Age Group 65+ 4 0 0.000 0.000 0.490
Chatbot Population Small municipality 30 6 0.200 0.095 0.373
Chatbot Population Small town 13 5 0.385 0.177 0.645

Continued on next page
56



Table 5: Confidence Intervals for Selections in Format Cate-
gory

Variable Category Group N nsuccesses Proportion CI Lower CI Upper

Chatbot Population Medium-sized city 2 0 0.000 0.000 0.658
Chatbot Population Large city 4 3 0.750 0.301 0.954
Interactive Visual Technical Knowledge No technical knowledge 5 1 0.200 0.036 0.624
Interactive Visual Technical Knowledge Basic knowledge of energy concepts 19 8 0.421 0.231 0.637
Interactive Visual Technical Knowledge High level of technical expertise 25 15 0.600 0.407 0.766
Interactive Visual Membership Length Less than 6 months 7 3 0.429 0.158 0.750
Interactive Visual Membership Length 6 months to 1 year 13 7 0.538 0.291 0.768
Interactive Visual Membership Length 1 to 3 years 26 13 0.500 0.321 0.679
Interactive Visual Membership Length More than 3 years 3 1 0.333 0.061 0.792
Interactive Visual Age Group Under 35 11 4 0.364 0.152 0.646
Interactive Visual Age Group 36-45 14 6 0.429 0.214 0.674
Interactive Visual Age Group 46-55 13 8 0.615 0.355 0.823
Interactive Visual Age Group 56-65 7 5 0.714 0.359 0.918
Interactive Visual Age Group 65+ 4 1 0.250 0.046 0.699
Interactive Visual Population Small municipality 30 15 0.500 0.332 0.668
Interactive Visual Population Small town 13 6 0.462 0.232 0.709
Interactive Visual Population Medium-sized city 2 2 1.000 0.342 1.000
Interactive Visual Population Large city 4 1 0.250 0.046 0.699
Multi Modal Technical Knowledge No technical knowledge 5 4 0.800 0.376 0.964
Multi Modal Technical Knowledge Basic knowledge of energy concepts 19 11 0.579 0.363 0.769
Multi Modal Technical Knowledge High level of technical expertise 25 14 0.560 0.371 0.733
Multi Modal Membership Length Less than 6 months 7 5 0.714 0.359 0.918
Multi Modal Membership Length 6 months to 1 year 13 7 0.538 0.291 0.768
Multi Modal Membership Length 1 to 3 years 26 14 0.538 0.355 0.712
Multi Modal Membership Length More than 3 years 3 3 1.000 0.439 1.000
Multi Modal Age Group Under 35 11 7 0.636 0.354 0.848
Multi Modal Age Group 36-45 14 8 0.571 0.326 0.786
Multi Modal Age Group 46-55 13 7 0.538 0.291 0.768
Multi Modal Age Group 56-65 7 4 0.571 0.250 0.842
Multi Modal Age Group 65+ 4 3 0.750 0.301 0.954
Multi Modal Population Small municipality 30 16 0.533 0.361 0.698
Multi Modal Population Small town 13 10 0.769 0.497 0.918
Multi Modal Population Medium-sized city 2 1 0.500 0.095 0.905
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Table 5: Confidence Intervals for Selections in Format Cate-
gory

Variable Category Group N nsuccesses Proportion CI Lower CI Upper

Multi Modal Population Large city 4 2 0.500 0.150 0.850
Text Technical Knowledge No technical knowledge 5 0 0.000 0.000 0.434
Text Technical Knowledge Basic knowledge of energy concepts 19 4 0.211 0.085 0.433
Text Technical Knowledge High level of technical expertise 25 5 0.200 0.089 0.391
Text Membership Length Less than 6 months 7 4 0.571 0.250 0.842
Text Membership Length 6 months to 1 year 13 2 0.154 0.043 0.422
Text Membership Length 1 to 3 years 26 3 0.115 0.040 0.290
Text Membership Length More than 3 years 3 0 0.000 0.000 0.561
Text Age Group Under 35 11 3 0.273 0.097 0.566
Text Age Group 36-45 14 5 0.357 0.163 0.612
Text Age Group 46-55 13 0 0.000 0.000 0.228
Text Age Group 56-65 7 1 0.143 0.026 0.513
Text Age Group 65+ 4 0 0.000 0.000 0.490
Text Population Small municipality 30 1 0.033 0.006 0.167
Text Population Small town 13 5 0.385 0.177 0.645
Text Population Medium-sized city 2 1 0.500 0.095 0.905
Text Population Large city 4 2 0.500 0.150 0.850
Video Technical Knowledge No technical knowledge 5 0 0.000 0.000 0.434
Video Technical Knowledge Basic knowledge of energy concepts 19 0 0.000 0.000 0.168
Video Technical Knowledge High level of technical expertise 25 1 0.040 0.007 0.195
Video Membership Length Less than 6 months 7 0 0.000 0.000 0.354
Video Membership Length 6 months to 1 year 13 0 0.000 0.000 0.228
Video Membership Length 1 to 3 years 26 0 0.000 0.000 0.129
Video Membership Length More than 3 years 3 1 0.333 0.061 0.792
Video Age Group Under 35 11 0 0.000 0.000 0.259
Video Age Group 36-45 14 0 0.000 0.000 0.215
Video Age Group 46-55 13 1 0.077 0.014 0.333
Video Age Group 56-65 7 0 0.000 0.000 0.354
Video Age Group 65+ 4 0 0.000 0.000 0.490
Video Population Small municipality 30 0 0.000 0.000 0.114
Video Population Small town 13 1 0.077 0.014 0.333
Video Population Medium-sized city 2 0 0.000 0.000 0.658
Video Population Large city 4 0 0.000 0.000 0.490
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Table 5: Confidence Intervals for Selections in Format Cate-
gory

Variable Category Group N nsuccesses Proportion CI Lower CI Upper

Visual Technical Knowledge No technical knowledge 5 2 0.400 0.118 0.769
Visual Technical Knowledge Basic knowledge of energy concepts 19 9 0.474 0.273 0.683
Visual Technical Knowledge High level of technical expertise 25 18 0.720 0.524 0.857
Visual Membership Length Less than 6 months 7 4 0.571 0.250 0.842
Visual Membership Length 6 months to 1 year 13 7 0.538 0.291 0.768
Visual Membership Length 1 to 3 years 26 16 0.615 0.425 0.776
Visual Membership Length More than 3 years 3 2 0.667 0.208 0.939
Visual Age Group Under 35 11 6 0.545 0.280 0.787
Visual Age Group 36-45 14 6 0.429 0.214 0.674
Visual Age Group 46-55 13 9 0.692 0.424 0.873
Visual Age Group 56-65 7 6 0.857 0.487 0.974
Visual Age Group 65+ 4 2 0.500 0.150 0.850
Visual Population Small municipality 30 20 0.667 0.488 0.808
Visual Population Small town 13 5 0.385 0.177 0.645
Visual Population Medium-sized city 2 2 1.000 0.342 1.000
Visual Population Large city 4 2 0.500 0.150 0.850
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