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Emotion Artificial Intelligence (AI) is transforming the capabilities of personal assistant by enabling real-time adaptation 
to user emotions, behaviours, and contextual needs. This paper explores the potential of emotion-adaptive eco-feedback in 
personal assistant, particularly within home environments, to foster well-being, energy efficiency, and personalised user 
experiences. Currently, there is limited research on how users perceive emotion-adaptive eco-feedback and how emotion AI 
can be adopted in the eco-feedback within personal assistant in real-world settings. To address this, we employed a co-design 
method — Matchmaking for AI — to facilitate collaboration between real users and researchers. We built a living lab with 
11 participants in Germany for half a year and conducted two experimental sessions: a pre-interview to understand user 
behaviours, requirements, and expectations on eco-feedback, and a co-design session using matchmaking for AI after half a 
year based on their appliance energy consumption data collected by our smart plugs using our open.DASH platform. The 
co-design sessions collaboratively brainstorm ideas for potential emotion AI adoptions and identify what their needs should 
be addressed by emotion AI technology. Through a co-design session, we generated eight design ideas that integrate emotion 
AI into eco-feedback. These concepts include emotion-adaptive eco-feedback framing, emotion-timed interaction and delivery 
and emotion-aware environment and social adaption. Our work explores the potential of using Emotion AI in eco-feedback 
within personal assistant and also provides new insights into AI co-design methodologies.
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1 INTRODUCTION
The global energy crisis [18, 23, 49] has emerged as one of the most pressing challenges of the 21st century, driven
by escalating energy demands, depleting natural resources, and the urgent need to mitigate climate change. As the
world aims to reduce energy consumption, the role of individual and collective behaviours in energy consumption
has become important [80]. In this context, eco-feedback has gained attention as an innovative way to inform and
empower users about their energy usage, fostering more sustainable habits [20, 28, 33, 53, 60, 70, 71]. Eco-feedback
involves providing users with real-time or retrospective information about their energy consumption. By making
energy use more visible and understandable, eco-feedback aims to bridge the gap between abstract environmental
concerns and everyday action. The development of eco-feedback starts from simple energy meters [19, 20] and
digital data platforms [34, 80] to personalised intelligent assistants [30, 59]. In sustainable human-computer
interaction (HCI), many approaches have been developed towards eco-feedback. These approaches have focused
on various aspects such as visualisation, gamification, and user-centered design [21, 52]. Besides these approaches,
emotion Artificial Intelligence (AI), also called affective computing, or artificial emotional intelligence, as a new
technology, has been successfully integrated into other domains, including education [57] and gaming [78].
For example, in education [57], emotional AI can enhance learning experiences and engagement by enhancing
learners’ emotional engagement and motivation, fostering more effective and fulfilling learning experiences. In
gaming [78], emotion AI can improve performance and user satisfaction by tailoring game experiences to players’
emotional states, creating more immersive and enjoyable gaming sessions.

Emotion AI has the potential to enhance user experiences, improve performance, and create more personalised
and responsive systems. However, its application in eco-feedback remains largely unexplored. In this paper, we
investigate the design opportunities to integrate emotion AI technology into eco-feedback by building a living
lab with 11 participants in Germany. We explore the expectations and concerns of eco-feedback and how emotion
AI can be integrated with eco-feedback to fulfill user needs. Specifically, our research focuses on answering the
following research questions (RQ):

• RQ1:What are the expectations and concerns that users have regarding current eco-feedback systems?
• RQ2: How can emotion AI be integrated with eco-feedback systems to fulfill user needs and expectations
within a personal assistant?

To address the research questions, we recruited 11 participants from diverse households. Over a six-month
period, we conducted two interview sessions: a pre-interview and a co-design session. Alongside these sessions,
we collected energy consumption data from participants’ appliances using smart plugs over the period of six
months. These data served as a foundational material for the co-design session, enabling participants to be
more engaged in brainstorming and collaborative design activities using their own data. Our analysis of results
showed the opportunities of three themes and eight design ideas to involve the emotion AI into eco-feedback.
The contribution of this work can be summarised as follows:

(1) This work identifies the values and needs of home users in eco-feedback;
(2) demonstrates several design opportunities of involving emotion AI into eco-feedback; and
(3) reflects an example of using co-design methods — Matchmaking for AI in the AI/HCI research area.

2 RELATED WORK

2.1 Eco-feedback
Eco-feedback technologies have been explored as a way to narrow the gap in environmental literacy by pro-
viding individuals with information on how their daily behaviours can affect the environment [7, 39, 41, 74].

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 10, No. 1, Article 5. Publication date: March 2026.

https://doi.org/10.1145/3789680
https://doi.org/10.1145/3789680


Reimagining Emotion AI at Home • 5:3

Recent advances in technologies, such as real-time sensing, ambient displays, ubiquitous computing platforms,
have enabled a growing number of feedback systems that aim to increase awareness and promote sustainable
behaviour [47, 50]. However, the effectiveness of these systems depends not only on the data they provide, but
also on how and when the information is communicated.
How and when the feedback is presented plays a crucial role in user engagement and behavioural outcomes.

Froehlich et al. [21] emphasised that the need for eco-feedback design must go beyond technical visualisation to
behavioural models from environmental psychology. Their findings underscored that static information alone is
insufficient, as it must align with users’ motivations, habits and social contexts. Bartram [5] confirmed this finding
by arguing that dashboards and analytic reports can provide rich analysis but lack in supporting in-the-moment
decision making due to the high cognitive overload and lack of ecological fit in the home, and called for affective,
ambient, and aesthetically meaningful visualisation that blends into everyday domestic routines. Based on these
argument and the technology development, research started to investigate how the eco-feedback should be
presented to and when the eco-feedback should be delivered. Studies demonstrated that feedback timed close to
energy-related actions, e.g., when leaving a room or using an appliance, is more actionable and impactful [5, 21].
In this direction, emotion has entered into the eco-feedback discussion, though primarily in terms of how users
respond emotionally to different message framing. For example, Wilson et al. [76] found that affective message
framing—positive or negative—evokes stronger emotional intensity when aligned with users’ pro-environmental
attitudes. This suggests that tailoring the emotional tone of eco-feedback to individual profiles enhances its
motivational impact. Similarly, Bao et al. [4] showed that preferences for eco-feedback design vary by user
background: technical users prefer quantitative clarity, while non-technical users respond more to emotionally
evocative and metaphorical designs.

Despite these advances, real-time emotional adaptation remains largely unexplored in eco-feedback. Emotion
AI — technology that detects and responds to affective cues — has proven effective in other domains [57, 78],
but its application to eco-feedback is still in its infancy. In addition, significant challenges remain in applying
Emotion AI to eco-feedback systems. Technical limitations in emotion detection—particularly in dynamic or
real-world domestic environments — can reduce detection accuracy, as models often struggle with variable
conditions such as background noise, fluctuating lighting, and diverse social contexts[12, 35, 56, 79]. Beyond these
technical constraints, there are important ethical concerns related to privacy, informed consent, and potential data
misuse[37, 62]. Furthermore, public discourse has become increasingly critical of emotion-sensing technologies,
with growing debates around their societal implications, risks of emotional surveillance, and potential misuse in
everyday contexts[68].

Our work focuses on the integration of Emotion AI into user-facing eco-feedback. To explore this, we conducted
a co-design session using the Matchmaking for AI method with participants in a living lab. The main goal is
to explore the opportunities of involving emotion AI in the eco-feedback field. Specifically, our research aims
to explore more design ideas into personalised, responsive, and engaging eco-feedback that aligns with users’
emotional and behavioural contexts.

2.2 Co-design for AI: Matchmaking for AI
Co-design has been developed and refined for many years as a participatory design approach that involves
stakeholders in the design process [9, 46, 58]. The development of AI system often involves complex algorithms,
large datasets and technical expertise that can distance the design process from the people who are using these
system. Co-design offers a participatory way to involve users, domain experts and other stakeholders that shapes
the design of AI system. Many researchers have applied the co-design method in their AI-related work. For
example, Panigutti et al. [51] employed an iterative co-design process involving healthcare professionals to
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develop a human-centered, explainable AI system for clinical decision support. Payne et al. [3] explored the
integration of an AI visualisation tool, Vizcom, within a co-design workshop aimed at product design.
Among the various co-design methods, Matchmaking for AI [10] is one of the promising approaches that

narrow the gap between technical capabilities and practical applications. This method enables participants
to collaboratively envisage future systems by mapping human needs to the potential functionalities of AI
technologies. For example, Liu et al. [40] used Matchmaking for AI to bridge the gap between natural language
processing (NLP) technologies and the practical needs of fact-checkers. The study yielded 11 novel design ideas
aimed at enhancing information search, processing, and writing tasks for efficient and personalised fact-checking.
Anirban et al. [45] conducted a co-design study by adapting the Matchmaking for AI method with three phases.
By co-designing with six students, the study explored how generative AI could address the key challenges in the
Open source Intelligence (OS-INT) Investigations for cybersecurity.

Our work is another example of applying the Matchmaking for AI method, conducted in collaboration between
users and researchers. The study focuses on exploring how to involve emotion AI into eco-feedback within
the personal assistant. We conducted co-design session that brought participants from diverse backgrounds to
brainstorm and prototype design ideas for emotion-adaptive eco-feedback. By situating our work within the
broader landscape of human-AI co-design, we contribute by effectively translating user needs into tangible AI
functionalities.

2.3 Personal Assistant and Emotion AI
Personal assistants [11, 15, 69], like Siri, Alexa, Google Assistant are AI-driven tools or applications designed to
help users manage tasks, retrieve information, and perform actions through natural language interactions. They
provide personalized support through voice recognition based on technology like natural language processing
(NLP) and machine learning (ML). Emotion AI [44, 55] represents a significant advancement in AI, enabling
machines to recognise and respond to human emotions. This technology integrates various methodologies,
including sentiment analysis, facial expression recognition, and physiological signal processing, to enhance
human-computer interaction more natural, empathetic, and effective. Rather than focusing only on efficiency,
emotion AI brings interaction modes from efficiency to emotionally engagement and personalisation [36].
As a result, there is a growing trend to integrate emotional AI into personal assistant in many domains. For

example, in the education field [54], the personal assistant can be adapted to the emotional state of the learner in
order to improve engagement and retention. In gaming [78], personal assistant have been used in adaptive game
environments that respond to player emotions. In the workplace [55], personal assistant can provide tools to
monitor employee well-being and engagement.
Our work is built on these research by expanding on how emotion-adaptive personal assistant can support

sustainable behaviour change. Specifically, we conduct this study in the context of eco-feedback. By integrating
emotion AI into personal assistant, we aim to explore the design ideas of personalised, emotion-adaptive eco-
feedback.

3 THE LIVING LAB

3.1 The Purpose of Living Lab
The living lab was established as part of a broader research initiative exploring how Emotion AI can support
energy-saving behaviours in the real-world home environments. It has two purposes: 1) as a data collection
platform to capture real-world appliance-level energy consumption patterns for six months. 2) as a situated
design space for engaging participants in reflective design activities.
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Fig. 1. Appliances with smart plugs.

We conducted a two-phase study.Phase 1 examined participants’ initial perceptions, expectations, and concerns
about eco-feedback, providing a foundation for Phase 2. Based on these findings, Phase 2 used a smart watch-
sized web-based prototype and the Matchmaking for AI co-design method to collaboratively envision Emotion
AI-enabled eco-feedback solutions grounded in the participants’ own actual energy use data. By combining
longitudinal energy monitoring with participatory design, our paper seeks to bridge the gap between technical
feasibility and user-centred innovation in Emotion AI applications.

3.2 The Participants
Participants (see Table 1) for the living lab were recruited in Germany through the external website and internal
networks, ensuring a mix of diverse backgrounds and living situations. The participant demographics included
variations: household composition (single-person households, couples, and families with children); gender (a
balance of male and female participants was represented); technology usage (some participants were experienced
with technology, while others were new to it). This diversity ensured that the study captured a wide range of
perceptions to the emotion-adaptive eco-feedback under different lifestyle contexts. We used the Local Bytes
smart plug to monitor energy consumption in participants’ households (see Figure 1). Each participant was
provided with 3-5 smart plugs. The smart plugs were installed on appliances that participants assumed most
energy was consumed such as refrigerators, washing machines, dishwashers, entertainment systems, and heating
devices (see Table 2).

The smart plugs were equipped with Wi-Fi connectivity and data were transmitted via MQTT to our custom-
built web platform (open.DASH)[16]. This platform allowed the smart plugs to transmit real-time energy con-
sumption data directly to a central database.
Overall, we recruited 11 living lab users (see Table 1). All 11 participates (7 males and 4 females) took part

in the first phase of the study — first-round formative study between March and April 2024. 10 participants (6
male and 4 female) successfully collected energy data for six months. For the second phase of the study — the
co-design session in December 2024 — 6 participants (3 males and 3 females) took part.
This study was conducted in accordance with the first author’ institutional guidelines - Fraunhofer Institute,

which do not require formal ethics board approval. In line with these guidelines, all participants signed an
informed consent agreement prior to the interviews. Participants were informed about the purpose of the
research, the voluntary nature of their involvement, and their right to withdraw at any time without penalty. All
collected data, including interview transcripts, energy usage records, and co-design artifacts, were anonymised
to remove personally identifiable information.
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Table 1. Participants (P) Information

No. Data Phase 1 Phase 2 Age Gender Occupation Living Condition

P1 Y Y N 40 M Assistant Director of Finance House/Living with partner
P2 Y Y Y 43 F Translator Apartment/Living with family
P3 Y Y Y 35 M Research Associate Apartment/Living alone
P4 N Y N 54 M Undisclosed House/Living with partner
P5 Y Y N 41 F Supply Chain House/Living with family
P6 Y Y Y 40 F Freelance Apartment/Undisclosed
P7 Y Y Y 64 F Retired House/Living with partner
P8 Y Y Y 66 M Lecturer House/Living with wife, 2 children
P9 Y Y Y 64 M Retired Electrical Engineer House/Living with partner
P10 Y Y N 36 M Researcher & Software Developer Apartment/Living with partner
P11 Y Y N 45 M Safety Engineer Apartment/Living with partner

Table 2. Energy Consumption Appliances for Each Participant

Participant No. Energy Monitored Appliances
P1 Heat Pump, Water Heater, Refrigerator
P2 Tea Kettle, Microwave, TV
P3 Fridge, TV, Coffee Machine
P4 Refrigerator, TV, Coffee Machine
P5 Home Office Setup, Coffee Machine, TV
P6 Computer, Washing Machine, Induction Stove
P7 Microwave, Oven, TV
P8 Dishwasher, Washing Machine, Kettle
P9 Washing Machine, Freezer, Coffee Machine
P10 TV, Dishwasher, Refrigerator
P11 TV, Computer, Washing Machine

4 PHASE 1 — FORMATIVE STUDY
4.1 Interview Process
Eleven 1-on-1 in-depth semi-structured interviews were conducted. Each lasted from 30 minutes to 1 hour. The 
interviews were video-recorded with participants’ written oral consent obtained prior to the sessions. In the 
interview, we explored participants’ experience, preferences and expectations regarding eco-feedback for energy 
consumption. Our interviews focused on the following areas:

• Part 1: Demographic questions
• Part 2: The daily usage of the most energy-consuming appliances that the participants choose
• Part 3: User Stories: Participants were asked to share experiences with eco-feedback or smartwatch
technology and identify pain points and expectations

• Part 4: Eco-Feedback Preferences: Discuss what kinds of eco-feedback they preferred in different emotional
states
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4.2 Results
Based on a thematic analysis of the eleven interviews, the results revealed three themes in eco-feedback: 1) 
the dominant role of context-triggered eco-feedback, 2) the supporting role of emotion-triggered 
eco-feedback, and 3) the skepticism towards emotion-adaptive eco-feedback. Below is a detailed analysis.

4.2.1 The dominant role of context-triggered eco-feedback. Across all participants, the most significant requirement 
for eco-feedback was practical and contextual information. Users expect feedback to be delivered at the right time, 
in the right context, and with a clear purpose rather than generalised insights about their energy use. 1) Users 
prioritised information that fits into their routines. "I don’t want to check an app every day; I want to know 
when I’m doing something that wastes energy at the moment it happens." (P04) 2) Users prefer feedback that 
support their practical decision-making. User desire actionable, context-aware feedback that can provide 
concrete decision-making opportunities. "If I start my dishwasher at night, I’d like a suggestion about whether this 
is the best time based on electricity costs." (P01) We can see from here that context-based feedback should be the 
primary mechanism for eco-feedback delivery. Users engage best when feedback directly links to their actions at 
the right time.

4.2.2 The supporting role of emotion-triggered eco-feedback. While context-based feedback remains the primary 
mechanism for the users preference of eco-feedback, several participants mentioned that emotion-based eco-
feedback could serve as a valuable enhancement when used appropriately. 1) Emotion-based adaptation is 
helpful for framing eco-feedback. Participants emphasised that emotion-adaptive eco-feedback should only 
affect how feedback is presented, and not when it is delivered. It could guide the tone of style of feedback, 
but not determine when it is delivered. Participants viewed emotion-adaptive functions as potentially helpful 
for enhancing empathy, but not as the core of the system. 2) Emotion-based feedback should act as a 
motivational nudge, not a directive. Participants prefer clear and direct guidance. Emotion-based feedback 
was perceived as a gentle nudge, suitable for motivation rather than instruction. As P09 noted,when faced with 
high energy costs, “I don’t care if the system ‘encourages’ me — I just want to know what I should do.”

4.2.3 The skepticism towards emotion-adaptive eco-feedback. Despite some openness to the emotion-based 
adaptation, many users expressed some doubt towards its value. For these users, the value of feedback is its 
practicality, clarity, and timing. 1) Preference for simplicity and straightforwardness. Some participants 
think that emotion-adaptive eco-feedback is too complex. Many users prefer simple, actionable recommendations 
over AI “understanding” their emotions. They think the basic functionality and clarity is far more important. 
As P04 put it, “I don’t want my appliances to make me feel bad. Just give me the numbers, and I’ll decide.” 2) 
Practicality and efficiency take precedence over emotion-adaptation. For some participants with well-
established routines or life priorities, emotionally adaptive function seems irrelevant. As P05 put it, “I’m currently 
valuing comfort over energy saving... I don’t turn off the TV entirely because it’s connected to Apple TV and I can 
control it remotely.” And also when technical issues happen, participants think that emotion-adaptive feature 
might make users more frustrated.

5 PHASE 2 — CO-DESIGN STUDY
5.1 Matchmaking for AI
“Matchmaking” as a co-design concept refers to the process of “integrating user domain knowledge into the early 
stages of design when a technology prototype is already available. [10]”

This approach, as defined by Bly and Churchill [10], transitions from a technology-centred design perspective 
to user-centred design perspective. The difference between Matchmaking for AI and traditional design methods 
is that, while traditional approaches start by identifying user requirements and then move through iterative
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prototype development, Matchmaking for AI begins by exploring the capabilities of emerging technologies. It
aims to identify possible use cases and proposes initial designs during the user-centred co-design process. Usually,
Matchmaking for AI contains the following four steps: 1) describing technology capabilities; 2) mapping those
capabilities into associated work activities; 3) identifying work domains and specific tasks; and 4) verifying
whether these tasks match technology capabilities (see Figure 2).

Fig. 2. Matchmaking for AI.

5.2 Study Protocol
Based on the matchmaking for AI process, we built an AI co-design canvas with detailed tasks. The details are 
shown in Figure 3.

5.2.1 Step 1: Describing technology capabilities. In Step 1, we firstly introduced our goals to the 
participants; Secondly, we clearly introduced the technology capabilities of emotion AI to the participants, which 
are illustrated in Table 3. Thirdly, we showcased a demo of a smartwatch-sized personal assistant (see Figure 
4) to exemplify how these features can be implemented. This step ensured that stakeholders gain a clear 
understanding of how emotion AI can be embedded into the personal assistant and its potential to address 
specific challenges and enhance personalised eco-feedback.

5.2.2 Step 2: Mapping those capabilities to associated activities. After introducing the technological capability of 
emotion AI, we conducted a brainstorming session in Step 2 to explore and expand various home activities where 
emotion AI can add value. This process involves participants to generate ideas about specific activities that can 
align with the functions of emotion AI. During the session, the interviewer probed into the reasoning behind 
each idea and discussion and assessed the feasibility of technology implementation. By mapping AI capabilities 
to concrete activities, stakeholders were able to identify practical use cases and understand how the technology 
could be integrated into everyday home activities.

Fig. 3. Co-design procedure.
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Table 3. Emotion-AI functions and Example Use Cases.

Emotion AI Can Help To... Example Use Case

1. Personalise feedback based on
emotional states

"You just made a big difference by
turning off those lights! Feel proud!"

2. Reduce resistance to eco-
feedback

If the user is frustrated, feedback is
postponed to a calmer moment.

3. Improve communication for vul-
nerable emotional states

Instead of "You wasted energy to-
day," use "It’s okay, let’s try better
tomorrow."

4. Reinforce sustainable habits with
emotional rewards

User receives praise for eco-friendly
behaviour, reinforcing habits.

5. Nudge behavioural change
through emotional framing

"Every little bit helps, and you’re
doing a great job so far!"

6. Detect emotional triggers for eco-
behaviours

"We noticed busy days make recy-
cling feel like a chore. How about a
reminder?"

7. Engage users with gamification
and emotional metrics

Gamified challenges appear when
users are excited; fun facts if disin-
terested.

8. Real-time adaptive feedback in
IoT ecosystems

"We’ve dimmed the lights to help
you relax and conserve energy."

Fig. 4. Prototype: The prototype was designed as a smartwatch interface that integrates real-time emotion detection with 
personalised eco-feedback. The interface enables users to interact seamlessly with their energy consumption data by using 
a voice command feature. For example, users can query, “What is my energy consumption today?" The system responds 
by analysing the user’s emotional state, such as “Happy" or “Worried", displayed alongside visual indicators of energy 
consumption. Key interactive elements include a “Speak" button to initiate the query, a “Stop" button to end it, and a visual 
status for emotion analysis in progress. The code can be accessed here: https://github.com/higreetings/usability.

5.2.3 Step 3: Identifying work domains and specific tasks. In Step 3, our goal was to search for the specific contexts 
and tasks where Emotion AI can be applied. To build a personalised co-design experience, we collected user energy 
consumption data over a six-month period based on the appliances participants selected and those assumed to be 
the highest energy consumption appliances. Using these data, we generated 24-hour energy consumption pattern 
heatmaps for each appliance (See Figure 5). These heatmaps served as the basis for creating journey map, which
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Fig. 5. Example of one participant’s appliances energy consumption heat map.

guided participants in identifying opportunities for integrating Emotion AI into their daily routines. This step 
ensures that the application of emotion AI is grounded in real-world needs.

5.2.4 Step 4: Verifying whether these tasks match technology capabilities. In Step 4, the focus was on verifying 
whether the previously identified design ideas aligned with the technology capabilities of Emotion AI. This step 
involved synthesising insights gathered from Step 2 and Step 3, conducting a matchmaking process between 
design ideas and AI functions, and evaluating the feasibility of each idea.

This step ensured that the Emotion AI was not only theoretically compatible with the identified tasks but also 
practically viable, delivering meaningful and effective outcomes in real-world home environments. By rigorously 
verifying the alignment between design ideas and technology capabilities, stakeholders can confidently move 
forward when implementing AI solutions that meet user needs.

5.3 Prototype
We chose to use the smartwatch-sized web-based prototype (See Figure 4) for two key reasons. First, it served as 
a design probe and conceptual anchor during the co-design session. Rather than representing a fully realised or 
deployable system, the web-based prototype simulated how Emotion AI-enabled eco-feedback could look and 
feel in a smartwatch-like interface, helping participants reflect on when, how and where emotionally adaptive 
eco-feedback might fit into their daily routines. Second, the smartwatch metaphor was not intended to represent 
the sole form of a personal assistant but to illustrate one example within a broader ecosystem of PA devices. Using 
this familiar, compact form factor as a web-based simulation provided an accessible entry point for participants 
to envision Emotion AI–driven interactions in context.

Our prototype used a speech-based modality to detect emotions, analysing vocal prosody (tone, pitch, rhythm) 
from short audio recordings via a web-based interface. Participants provided short audio recordings through a 
web-based interface, which were processed using the Hume Expression Measurement API[32]. The pipeline 
followed a sequential flow: audio input was first captured and transmitted for API-based inference, where Hume’s 
pretrained models performed features extraction and classification to map prosodic patterns to discrete emotional 
states. The system produced the top-scoring emotion across all speech segments as an output, along with a 
transcription of the recorded text. We then applied a predefined rule-based mapping to link the detected emotional 
states to corresponding eco-feedback types.
We conducted a small-scale usability test with diverse background (four from our living lab, one from a 

living lab partner, and one from external). The participants completed four assigned tasks during the usability 
testing including exploring demo and engaging in scenario-based tasks. The system achieved an average score 
of 81.25 (M = 81.25, SD = 7.87) from the SUS evaluation framework[14], indicating good overall usability. 
Qualitative feedback shows that: for effectiveness, participants successfully understood and completed all test 
scenarios, demonstrating that the emotion-based feedback concept could effectively support energy awareness. 
For completeness, users acknowledged that while the prototype covered core functionalities (emotion detection
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and visualisation adaptation). For satisfactory, most participants expressed positive engagement with the system’s
design, appreciating its simplicity, adaptability, and potential for daily use. However, participants also identified
shortcomings and future improvements regarding transparency and control. For transparency, it means combining
emotion and contextual sensing (e.g., time, location) to make feedback more situationally appropriate. For control,
it means allowing users to manually override or customise the system’s adaptive responses.

5.4 Co-design Process
Following a six-month data collection period during which participants’ energy consumption patterns were
monitored, we conducted a co-design session aimed at collaboratively developing emotion-adaptive eco-feedback
in personal assistant. To facilitate this process, we used the AI co-design Canvas, structured with the four steps
described in Section 5.2, and implemented the session in Miro Board (a collaborative whiteboarding tool) to
cooperatively interact with our participants. Our main goal was to generate design ideas that can integrate
emotion AI to support and encourage energy-saving behaviour. Each co-design session lasted approximately 90
minutes and followed the four-step process (See Figure 3).
Seven participants initially agreed to take part in this study; however, one dropped out during the process,

resulting in six participants completing the session.We chose an online format due to the constraints of participants
coming from different cities in Germany. Online participation allowed a greater flexibility for our study, also
enabling participants from diverse household contexts to join conveniently. We opted for one-on-one co-design
sessions for several reasons. Firstly, scheduling group sessions was challenging due to time constraints, and
individual sessions offered greater flexibility and allowed for more focused, in-depth discussions. Secondly,
personalisation of co-design materials was essential. Each participant was presented with their own energy
usage data visualisations, derived from specific appliances such as refrigerators, televisions, or washing machines,
ensuring that the eco-feedback designs were tailored to their unique behaviours and preferences. Thirdly,
individual sessions enabled a deeper contextual integration of participants’ home environments, helping them
more vividly imagine how the eco-feedback system could be embedded into their daily routines.

5.5 Data Analysis
We conducted all co-design sessions with recruited participants using Miro Board (a collaborative whiteboarding
tool) and Google Meet (a video conferencing tool). Co-design sessions were recorded with consent from the
participants and then transcribed. Our main goal was to extract and synthesise design ideas that emerged through
discussion and co-creation with participants. The majority of these ideas were generated during Step 2 and
Step 3 of the co-design process, where participants actively explored how emotion-adaptive eco-feedback can be
applied in daily home activities. In Step 4, the focus is shifting from idea exploration to evaluating the feasibility
of these design ideas by comparing them to the actual capability of emotion AI technology.
Our results focus on the emotion-adaptive eco-feedback concepts co-designed with participants. In Step 2,

participants collaboratively ideated a wide range of household scenarios where emotion-adaptive eco-feedback
could be meaningful. Ideas spanned across tasks such as cooking, gaming, or reading, and considered the role of
mood, timing, and user context in eco-feedback delivery. In Step 3, participants examined heatmaps of energy
consumption patterns of home appliances (e.g. TV, PC, kitchen devices). They annotated a timeline of a typical
day — morning, noon, afternoon and night with their own emotional and situational contexts. This session
aimed to identify how, when and in what form participants preferred to receive eco-feedback through their daily
routines.

Based on the 18 design ideas (See Appendix Table 5) generated through the co-design sessions, we conducted a
qualitative evaluation (See Appendix Table 5) to determine which ideas use the emotion as the primary input. We
reduced the overlapped ideas by removing the redundant ideas. As a result, 8 design ideas were selected.
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6 PHASE 2 — RESULTS
We deployed the co-design method — Matchmaking for AI to facilitate participatory design session aimed at 
envisioning the opportunities of involving emotion AI into eco-feedback. Building on our insights from Study 1 –
formative study, we focused on how the eco-feedback can be framed based on emotion. Unlike the formative 
study, where participants directly responded to the questions and had pre-defined concepts, Study 2 – co-design 
process, was more interactive with more material. These rich contexts allowed participants to project themselves 
into real-world environments and generate a range of novel ideas where emotion AI could take a more proactive 
role in shaping sustainable behaviour, not only in how eco-feedback is framed, but also in when it is delivered 
(See Table 4).

Table 4. Final 8 selected design ideas from Matchmaking for AI co-design session. Our process leads to 8 design ideas that 
can involve emotional AI technology in eco-feedback within personal assistant to foster energy-saving behaviour.

No. Design Idea
1 Show minimal, digestible info (e.g., one number or colour) to avoid overload during the stress time.
3 Postpone feedback when users are emotionally overwhelmed.
4 Use supportive rather than judgmental language when stress or guilt is detected.
5 Trigger challenges, goals, or comparisons during playful or upbeat moods.
6 Reinforce eco-actions with praise when users show pride or satisfaction.
10 Use visual feedback when users are calm; audio or minimal cues when tired or distracted.
11 Adjust lighting and heating automatically based on emotional state (e.g., dim lights for relaxation).
17 Only present peer comparisons when users are emotionally ready; avoid during negative moods.

6.1 Emotion-adaptive Eco-feedback Framing
6.1.1 Show minimal, digestible info (e.g., one number or colour) to avoid overload during the stress time. Through 
the co-design session, a recurring narrative emerged: users wanted to have a simplified eco-feedback during the 
moments when they are stressed or cognitively overloaded. These participants indicated that while they valued 
energy-related insights, their capacity to process complex feedback diminished during emotionally depressed 
moments. This suggests a crucial gap in current eco-feedback systems, which often treat all users’ states equally, 
neglecting the complexity of format or timing of eco-feedback based on the user’s emotional condition.
Participants frequently associated stress with a reduced ability to process data or make behavioural changes. 

For example, P6 mentioned that “When I’m unhappy or in a depressed mood, I just want to know the result or 
maybe I just want to know numbers”. Similairly, P8 echoed this idea saying, “When I’m very stressful or angry, I 
prefer feedback that’s very simple. Maybe just numbers. No long explanations.” P3 reinforced this idea on specific 
scenarios, suggesting that stressful time period like post-work evenings or time-pressured mornings demand 
eco-feedback that does not “overwhelm” the user: “If you had a stressful day and you’re washing the dishes, maybe 
then it’s better to say: use the dishwasher. It’s easier.” The feedback should support, not burden the decision-making 
process during the emotional down period.

This user need points to the principle in HCI that cognitive bandwidth is not constant [43]. Eco-feedback that 
is too detail-oriented, visually complex, or poorly timed during the stress time might be ignored, misinterpreted, 
or even resistance to future engagement. P7 stated that: “If the system gives me too much information when I’m 
already stressed, I won’t even look at it.” Ignoring this variability in user receptivity risks might make eco-feedback 
technically informative but emotionally dissonant.

Despite many studies[16, 17, 22] on eco-feedback formats such as visualisation, gamification, few eco-feedback 
systems dynamically tailor their content based on affective states. Current eco-feedback systems focus mainly on
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the static display level and rarely account for emotional readiness of users to absorb or act upon the feedback. 
This suggests a mismatch between eco-feedback delivery mechanism and variable human emotion states and 
emotion AI can be involved to bridge this gap.

6.1.2 Use supportive rather than judgmental language when stress or guilt is detected. Participants also care 
towards the empathetic language, especially during the emotionally sensitive states. During these moments, users 
preferred the eco-feedback with more understanding and encouragement tone rather than using judgemental 
or rational phrasing. Multiple participants (P03,P06,P08) reported that the emotional framing of eco-feedback 
influence their willingness to engage with it. P06 explained that “When I’m already stressed or tired, I don’t want a 
message that tells me I’m wasting energy. That just feels like criticism.” and “If it said something like ‘you’ve had a 
busy day, maybe we try again tomorrow’—that would feel more supportive.” P03 also confirmed this, he suggested 
that the eco-feedback should “encourage without blaming”. P08 emphasised the psychological impact for the 
emotional insensitive eco-feedback, “ If it feels like the system is blaming me for using too much energy, I just shut 
it off. But if it says something more like ‘we understand—it happens,’ then I stay open to listening.”

Within the personal assistant, language tones shows the same importance as content. When users already feel 
overwhelmed, as explained by P02, “Sometimes I know I’m not doing everything right. I just don’t want the app to 
make me feel worse about it.”, a good empathic language can maintain users’ engagement.

Research on eco-feedback[4, 6] often emphasises the accuracy, visualisation or nudging strategies, and limited 
research focuses on adapting their language tone to match users’ emotional state. Previous eco-feedback on 
messages tend to be like generic messages — “You used 4.4 kWh more than average. ”or instructional messages — 
“Turn off the devices.” With the technology development, voice can be used as a detection of emotion, and the 
adaptation of message tone follows users’ emotions has emergent as a way to increase the users’ engagement 
and improve user experience.

6.1.3 Reinforce eco-actions with praise when users show pride or satisfaction. Participants also emphasised 
the importance of positive reinforcement, especially when they had taken some energy-saving action. Many 
participants mentioned that when they felt proud, satisfied, or accomplished, they were more open to receiving 
feedback and treated it in a more valuable manner when their efforts were acknowledged. This suggests another 
key emotional entry point for sustainable engagement to reinforce the pro-environmental habits by emotion-
adaptive eco-feedback. P07 expressed her idea, “If I just did something good, like switching everything off, it would 
be nice if the system noticed and said something like ‘great job!’” P11 also expressed a similar thought, “You turn 
something off and then maybe it says, ‘well done, you saved this much today.’ It’s motivating to know it mattered.” 
These moments can be treated as critical emotional reinforcements that can make energy-saving behaviour feel 
more meaningful and noticeable. Users want their eco-action to be seen and appreciated. It can help them to 
establish a positive emotional loop. P09 confirmed this, “I don’t need rewards. But if the system tells me I did 
something right, it helps me keep doing it.”
Previous research in eco-feedback were more focused towards problem detection[17, 20, 66], while fewer 

systems were designed to recognise and celebrate the success, especially when users felt proud. Eco-feedback with 
emotion AI can detect the moments of pride or positive emotion peaks and deliver encouragement to reinforce 
such sustainable behaviour.

6.2 Emotion-timed Interaction and Delivery
6.2.1 Postpone feedback when users are emotionally overwhelmed. A recurring concern among participants 
was their lack of emotional readiness to receive eco-feedback when they were upset, frustrated, or emotionally 
disengaged. Many interviewees articulated that when experiencing negative emotional states, they were less 
likely to process or act upon eco-feedback—no matter how well-designed the message or visualisation was. In
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these moments, even minimal feedback could be perceived as intrusive or irritating, further undermining the 
effectiveness of the intervention.
Participants emphasised the importance of emotional timing. P07 explained, “If the system gives me feedback 

right when I’m annoyed or exhausted, I’ll just ignore it—or worse, I’ll be annoyed at the system itself". P06 echoes 
this argument, said “When I’m in a bad mood, I don’t want to deal with numbers or messages. It’s better to leave me 
alone and try later.” P03 described this in his everyday evening routines: “After a long day, I just want to chill. If a 
notification pops up telling me I used too much energy, I’ll just swipe it away.” It shows that the users’ emotional 
state not only affect their willingness to engage with eco-feedback and how they respond to it.

6.2.2 Trigger challenges, goals during playful or upbeat moods. Beyond just adapting the delivery time or change 
the tone message, several participants were interested in playful and motivational eco-feedback when they were 
in a good mood. Mood-triggered eco-challenges can be seen as another effective way to increase engagement.
P06, P07, and P11 described the joy, calm time as an ideal opportunity for deeper engagement. P06 said,“If 

I’m in a good mood, I’d actually enjoy a little challenge—like comparing with my neighbours or getting a fun fact 
about how much I saved.” P11 also argued that when in a good mood, he was excited to see how much energy 
he consumed and embraced the challenge. By introducing challenges or rewards when the user is emotionally 
open—such as feeling accomplished, calm, or curious—systems can foster a stronger relationship with the user, 
increasing engagement, and enjoyment to sustainable behaviour.

6.2.3 Use visual feedback when users are calm; audio or minimal cues when tired or distracted. Another emergent 
need from the participants was the ability of emotion AI to trigger eco-feedback on how information is presented 
based on users’ emotional states. Based on the various modalities of personal assistant, the selection can be 
different feedback modalities, like visual, auditory, haptic or textual. Many participants said that their emotion 
state shaped how they preferred to receive feedback. “If I am in a rush or annoyed, I do not want to read anything. 
A simple tone or light would be better than a screen full of numbers.(P09)” P03 offered a classic use case: “In the 
morning, I might prefer a quick light cue—like green if energy use is okay. But at night, maybe I’d check the app or 
graph if I’m in a better mood.” These non-uniform needs across time and emotion exposes the opportunities of 
modality flexibility through emotion AI.

The multi-modal eco-feedback has already been explored in the smart home research. Existing research [2] [26] [67] 
emphasised the effectiveness of combining these modalities to address the problem in real-world setting. Limited 
research explores the emotion-triggered method with real-time affective signals. The potential of emotion-adaptive 
modality eco-feedback is underexplored.

6.3 Emotion-aware Environment and Social Adaptation
6.3.1 Adjust lighting and heating automatically based on emotional state. From the interviews, participants 
expressed a strong interest in automated environmental adaptation based on mood, especially in lighting and 
temperature. When intelligently adapted, lighting and temperature adjustments can promote energy efficiency 
while supporting users’ emotional and physiological needs.

From the participants’ view, home environments and home appliances can be treated as an extension of their 
emotional state. For example, P11 said that, “When watching a movie and I’m in a special mood, the room could 
adapt to this. Dim the lights, adjust the temperature—it just makes everything feel better.” These adjustments help 
users feel more at ease, focused, or calm, depending on their needs. P07 also mentioned that she treated lighting 
as an emotional regulator, she said,“If I do sports or something active, I want bright lights. But if I am just trying 
to relax or cook in the evening, I want something softer.” Our results show that these emotion preferences for 
lightning also open the opportunities for energy savings. Emotion AI can be triggered as a bridge not only to 
support the mood but also to conserve energy.
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Traditional smart home research always focus on optimising the lighting and temperature based on occupancy
and scheduling for energy saving [1, 29, 42]. These research neglected the potential context of emotion, and
missed the opportunities for emotion-sensitive energy saving. Also, there is limited research exploring into
how lighting and heating can be served as non-verbal eco-feedback and adjusted to users’ mood to encourage
sustainable settings, for example, dim lights when calm, lower heat when active.

6.3.2 Only present peer comparisons when users are emotionally ready; avoid during negative moods. From the
literature review in eco-feedback [63], social comparison is a powerful motivator for behaviour change in energy
consumption. Previous research neglected the involvement of emotion AI into social comparison in eco-feedback.
Our results from the co-design approach with the participants showed that the effectiveness of social comparison
depended onwhen it is delivered.When users are emotionally receptive, they welcomed comparison as motivation;
whereas when they are stressed or disengaged, it is seen as unhelpful or even demoralising. These insights
underscore the need for emotion-aware social comparison, where comparisons are only acceptable when users
are in a state of receptivity.

These results come from our co-design session, participants expressed mixed feelings about being compared to
others. When in a positive mood, they found it helpful or motivating. For example, P06 said, “If I’m in a good
mood, I’d actually like to see how I’m doing compared to others. It makes it more interesting.” P11 also commented
on that, “If I am relaxed and open to it, I would enjoy seeing if I saved more than my neighbours this week - it is like
a friendly competition.” In contrast, during the stress or low confidence moments, participants believed that social
comparison felt judgemental. P03 explained that, “If I’m having a bad day, I don’t want to be told I’m doing worse
than others. That just makes me shut off.” P07 has a similar feeling, saying that “Sometimes I’m already trying hard.
Being told I’m behind just makes me feel worse.”
Social comparison is one of the common persuasive strategies in eco-feedback. Our results show that the

social comparisons method of eco-feedback should be more effective when it combines with emotion AI. Under
some situations where social comparison were presenting at the wrong time, it can create resistance rather than
motivation. Current eco-feedback systems only offer static comparison and current research focus largely on
the design of comparison metrics [21], but not on when and how to deliver them based on the user’s mood.
The one-size-fits-all messaging that fails to create the personalised user experience. Emotion AI can enable
receptive-aware social comparison delivery by detecting the emotional states and adjusting the timing, tone
accordingly.

7 DISCUSSION

7.1 The Summary of Design Ideas
In our formative study, the results from users’ perception strongly emphasised the dominance of context-based
eco-feedback; participants believed that feedback should be timely, actionable, and situationally relevant and
be grounded in the environmental context. This preference aligns with the foundational HCI and sustainability
research which emphasises the situated, real-time eco-feedback is more effective at influencing behaviour than
energy reports or abstract summaries [5, 21]. Participants preferred eco-feedback that supports their decision-
making in their daily routines without requiring their time and effort. Emotion-based eco-feedback was initially
treated as a supportive role during the formative study and participants expressed that it should only modify
how feedback is framed, not when it is delivered. As one participant put it, emotional adaption of eco-feedback is
welcome only if it does not interfere with the actual information they need. This argument shows that users have
a scepticism attitude towards emotion-adaption eco-feedback. However, during our co-design session where
participants engaged with a conceptual overview of emotion AI and an interactive prototype — participants
began to explore more design possibilities. Through a richer design context, emotion AI was not only accepted
but reimagined as a central mechanism for delivering eco-feedback.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 10, No. 1, Article 5. Publication date: March 2026.



5:16 • Jin et al.

Through collaborative ideation, participants proposed three primary directions for emotion-adaptive eco-
feedback: 1) emotion-adaptive content framing Eco-feedback can be emotionally framed to match the users’ 
mood (idea 1, 4, and 6). 2) emotion-timed interaction and delivery Participants imagine that the eco-feedback 
can dynamically deliver based on the users’ real-time emotional state (idea 3, 5, and 10). 3) emotion-aware 
environment and social adaption Beyond individual interaction, participants also envisioned emotion AI can 
be extended to the environmental and social context — such as adapting lighting and temperature settings (idea 
11) and triggering social comparison based on emotional receptivity (idea 17). These design ideas demonstrate 
emotion-based adaptation has potential design opportunities in content framing, delivery time, modality, and 
ambient context.
The combination of Study 1 and Study 2 offer complementary insights into how users perceive and envision 

emotionally adaptive eco-feedback in domestic settings. Table 6 illustrates how participants’ concerns, routines, 
and emotional responses in Study 1 evolved into concrete design ideas in Study 2. Specifically, it presents the 
progression from experience to ideation across six co-design participants. The transition from Study 1 to Study 
2 shows an evolution from retrospective understanding to prospective ideation. In Study 1, the participants’ 
feedback are grounded in their real-world behaviours, whereas in Study 2, the same group of participants were 
empowered to envision the adoption of technologies through a co-design method with data and emotion AI 
conception. The participants’ real energy data and visualised prototypes triggered their reimagination of the 
emotion AI in the home context. The progressions show the power of co-design as a transformative bridge by 
shifting reflection to ideation, combining empirical evidence with generative exploration.
We also found that professionals with structured routines (P1-assistant director of Finance, P10-Software 

Developer) preferred actionable and context-based eco-feedback with their daily routine. For example, P1 
expressed the desire for energy tips during routines tasks like using the dishwasher at night. Freelancer and 
retirees (P6-Freelance, P7-retired, P9-retired) often had more flexibility in routines and expressed more openness 
to the emotionally adaptive feedback. Participants who are living alone or with one partner (P3, P10) often 
emphasise the simplicity in eco-feedback, showing less interest in emotion-based framing and more in clarity and 
usefulness. Female participants were more likely to discuss the tone and empathy of eco-feedback, expressing 
stronger preference for supportive language, while male participants were generally more focused on the content 
accuracy and clarity. Participants who are living in the house often had more energy-consumption appliances, 
leading to more detailed discussion about specific energy behaviour in some appliances.

Overall, our findings contribute and extend prior work in several ways. Previous work from Wilson et al. [76] 
examined the emotional message framing based on user attitudes, our study expands how emotion can also drive 
the timing and modality of eco-feedback itself with Emotion AI technology. This extends the design space from 
static emotion framing towards real-time affective adaption. Our two-phase study also reveals a new picture, while 
users initially expressed scepticism toward emotion-triggered eco-feedback, their engagement in the co-design 
session led to open design ideas that embrace Emotion AI. This highlights the value of participatory design 
methods in reshaping users’ perceptions towards emerging AI technologies (See Section 7.2). Our results also 
show the potential of future eco-feedback - where the system may benefit from combining contextual intelligence 
with emotional intelligence - enables the adaptive systems that are both informative and empathetic. This hybrid 
approach might enhance user engagement and long-term behavioural change.

7.2 The Benefits of Using the Co-design Method — Matchmaking for AI
It has been a challenge to bridge the gap between AI research and its real-world application. Through our 
co-design method — matchmaking for AI, we translated abstract emotion AI capabilities into user-centred design 
ideas for emotion-based eco-feedback within the personal assistant. This approach reduced the misalignment 
between what AI can do and what users need, a gap frequently mentioned in HCI/AI literature [31].
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By situating the participants within the real environment we enabled participants to make meaningful engage-
ment with the Emotion AI technology — despite most of them having limited technical understanding. We can 
see that in study 1 — formative study, participants has limited imagination and scepticism towards the use cases 
of emotion-adaptive eco-feedback. However, during the study 2 — co-design session, after they were introduced 
to 1) the overview of emotion AI capabilities, 2) a visualised prototype, and 3) their own visualised energy data, 
they were able to reimagine new opportunities for emotion-based eco-feedback. The two-steps sessions helped 
participants shift from vague understanding to concrete design ideas and considered AI as a design material [77].

This transformation reinforces that the value of co-design can facilitate a collaborative imagination of technical 
possibility. It became a generative space. It can allow participants to make a reflection on their own daily routines 
and find the design space of new technology with co-creation collaboration. These findings support the prior 
literature on the role of co-design in uncovering specific needs [64] [51] [25]. Furthermore, Matchmaking for AI 
allowed stakeholders to embed AI capabilities into contextual real-world environments, rather than designing 
solely from top-to-bottom technical perspectives.

Our work demonstrated the power of participatory AI. Rather than treating emotion AI as a technology, we use 
the co-design method to explore its role as a material. This method not only revealed what the user wants from 
AI, but also how they want it to behave, when and why. It showed that including the end-users in the early-stage 
of AI development is valuable and making the system more human-centred. In addition, the benefits of our 
co-design process also become more apparent when participants comes from diverse demographic backgrounds 
and have different electricity consumption patterns. The adoption of demographic diversity and real energy data 
in the co-design phase enabled a more grounded and personalised exploration of the Emotion AI application. For 
example, participants living in larger households tended to generate more systemic and automation-oriented ideas. 
In contrast, single-person and apartment dwellers tended to generate lightweight, minimalistic eco-feedback 
mechanisms that emphasised simplicity and clarity. Occupational and lifestyle differences also shaped the ideation 
process. Participants with structured professional routines valued timely, actionable, and context-based eco-
feedback that could fit into their daily schedules. On the contrary, retirees and freelancers, who had more flexible 
routines, showed greater openness toward emotion-driven eco-feedback. Female participants more frequently 
discussed emotion tone, while male participants prioritised functional precision and system transparency. These 
variations shows that co-design can not only function as a participatory design method but also as an analytical 
lens for revealing how demographic and behavioural diversity influences perceptions of emerging AI technologies. 
By integrating participants’ electricity consumption data with their lived experiences, our co-design sessions 
enhanced user engagement and triggered a more grounded, personal, and meaningful ideation process.

7.3 The Limitation of Using Co-design Method — Matchmaking for AI
While the co-design method — Matching making for AI is valuable in translating the complex emotion AI 
capabilities into user-driven design ideas, our work revealed several limitations.

First, the quality and depth of co-design results were influence by the participants’ technical background. We 
observe a difference in engagement between users with and without prior AI or technical experience. Participants 
with some AI literacy not only spent more time in Step 2 for brainstorming but also do more dual-layered 
thinking: they not only ideated creatively but also assessed the feasibility of those ideas simultaneously. Their 
process reflected a design thinking pattern of divergence (exploration) following by convergence (refinement and 
evaluation). In contrast, non-technical participants tended to do the session from a pure exploratory perspective, 
focusing more on scenario imagination. While their ideas were often grounded in real-world environments and 
real needs, they lacked the attention to the constraints or possibilities of the technology. This shows a tension 
between imaginative ideation and technical viability, which echos the known challenge in the participatory AI 
noted by Birhane et al. [8] and Zytko et al. [81]. Zytko et al. [81] observed that the participants may misjudge
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what AI can really do, and Birhane et al. [8] emphasized the need to balance imagination with accessible
technical understanding. Bratteregi et al. [13] also warned that insufficient support can limit the effectiveness of
participation. Therefore, future co-design for Matchmaking for AI should involve roles with expertise.

Second, our 90-minutes co-design session encourage rapid reflection but may have constrained deeper iteration.
Due to our one-on-one session format, while allowing for individual focus, participants had not got opportunities
to refine or build on others’ ideas — a key component of traditional co-design. While this limitation does not
undermine the value of co-design in AI development, it does suggest the opportunities for enhancement. For
example, we could consider mixed-expertise pairing and offer more time for iterative design cycles, where can
facilitate co-evolution.

7.4 Privacy Implications and Data Governance
The integration of Emotion AI into domestic environments raises the concerns towards ethical questions, including
privacy, transparency, and data governance. As emotion-triggered eco-feedback systems rely on personal and
affective data to adapt their interaction, questions arise about how such data is collected, interpreted and shared.
In our studies, privacy concerns emerged repeatedly, particularly when eco-feedback was displayed in shared or
social settings. The home has traditionally been perceived as a personal retreat and an embodiment of privacy,
where people can develop freely and undisturbed by the public and the “external world” [72]. Yet, data-driven
technologies such as IoT and AI are permeating these private spaces, they blur the boundaries between private
and public spheres and raise the challenges for protecting privacy within the domestic environments [24]. The
home is therefore regarded as a place of peace and openness, where people can act freely and express their
emotions without restraint. However, ubiquitous devices and sensors are constantly collecting data, creating a
comprehensive data profile of the user and their household, which can be shared with device manufacturers, third
parties, or even used by actors with criminal intentions [65]. This data can include information about usage, but
may also reveal sensitive content, especially when data is processed in rooms such as bedrooms or bathrooms [38].
The use of emotional AI carries the risk that sensitive information about a person’s emotional state will also
be recorded and processed. This information could then be shared with manufacturers and providers, allowing
conclusions to be drawn about the person’s general mood, character, or even mental health [65].

In addition, participants expressed awareness of the regulatory sensitivity surrounding Emotion AI technology,
particularly within the European context. One participant questioned how such a system could comply with strict
AI and data protection regulations in the EU. She worried about how Emotion AI can be compatible with European
data protection norms. Also, participants demonstrate the implicit expectations for local data governance —
preferring systems that keep emotional and behavioural data localised or user-controlled rather than automatically
shared across systems. These concerns highlight the need for the transparency of user-controllable data flow and
design strategies that align with the regional data government policy.

Furthermore, our studies showed that, particularly in stressful or annoyed moments, users do not want to be
challenged or reprimanded by interacting with emotional AI, but rather want to be supported or emotionally
uplifted. In such situations, unobtrusive notifications were especially desired, ones that primarily provide status
updates on efficient energy usage rather than information or instructions that could be perceived as critical and
thus as a threat to the feeling of comfort in one’s own home [73]. However, the provision of eco-feedback using
both emotional and contextual intelligence offers the potential to promote the home as a place of relaxation
and balance, by appropriately generating and communicating context-based content. Finally, the negotiation of
privacy and the disclosure of data is a very individual and personal matter, which also depends heavily on the
context and can change over time [48]. Therefore, one-size-fits-all solutions are not suitable for a positive user
experience; instead, they must be adapted to users’ moods and data protection preferences [75]. Furthermore,
privacy concerns emerged in situations when feedback was presented during shared or social time, as our studies
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have shown. Therefore, when designing emotional AI solutions, it should also be taken into account that users 
can determine when and with whom eco-feedback data is shared, as sharing within a community can, on the 
one hand, motivate for energy saving through social comparison, but on the other hand, also carries the risk of 
exposure and thus has an undesirable effect by intruding on privacy [27, 61].

8 LIMITATION
We acknowledge three limitations of our study. First, our findings are not intended to be broadly generalizable, as 
our work is an empirical, exploratory study designed to investigate the potential of emotion-adaptive eco-feedback 
rather than to evaluate its efficacy at scale. Our study relied on a small and context-specific sample, which enabled 
us to capture rich, qualitative insights into participants’ everyday eco-feedback attitudes and experiences, which 
was essential for our exploratory goals. Second, while our co-design sessions and interviews generated promising 
ideas, they remain conceptual. Implementing and testing these ideas in real-world deployments, across diverse 
contexts and populations, will be better to fully understand the effectiveness of emotion-adaptive eco-feedback. 
Third, our online co-design format reduces the opportunities for participants to engage in physical prototyping 
and also limits our observation of non-verbal cues - such as gestures, body language - which can provide more 
valuable insights during the sessions.

9 CONCLUSION AND FUTURE WORK
Our study explored potential applications for emotion-adaptive eco-feedback within the context of the personal 
assistant. We built a living lab with 11 participants in Germany and conducted two experimental sessions. Our 
findings reveal that initially, participants perceived the emotion-based adaptive eco-feedback as unnecessary; 
they expect eco-feedback to be practical, timely, minimal descriptive, with a strong preference for context-based 
eco-feedback in daily routine (RQ1). However, through co-design sessions and exposure to the Emotion AI 
capabilities, users reimagined its potential to enhance the eco-feedback by adjusting not only how eco-feedback 
is framed, but also when and how it is delivered. Users saw a new value in emotion-adaptive systems — not 
only to frame eco-feedback in more supportive and motivational ways, but also to adjust the timing, modality of 
eco-feedback based on emotional states (RQ2). We identified eight emotion-adaptive design ideas that expand 
this vision, including emotionally sensitive framing, real-time delivery adjustments, adaptive modality selection, 
and social-aware comparison. These findings suggest that Emotion AI, when applied thoughtfully, can augment 
traditional context-based systems by aligning eco-feedback with users’ emotional states. It bridges the gap 
between what AI can do and what users need. Future work should explore real-world deployment, emotional 
sensing accuracy, and ethical considerations to refine emotion intelligence eco-feedback systems further.
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A Design Ideas
Based on the original 18 design ideas, our evaluation approach only selected emotion as the primary input and
reduced the overlap between several ideas. In the end, we shortlisted 8 design ideas. Table 5 expands on the
reasoning behind this selection.

No. Design Ideas Evaluation Decision

1 Show minimal, digestible info (e.g., one number
or color) to avoid overload during the stress time.

Emotion is the primary input; directly adapts feedback
complexity in real time to reduce overload. Slight concep-
tual overlap with Idea 14.

Selected

2 Provide detailed feedback (graphs, trends) when
users are relaxed or curious.

Emotion is secondary to curiosity or engagement level;
not a strong emotion-driven trigger.

No

3 Postpone feedback when users are emotionally
overwhelmed.

Emotion (e.g., frustration) is the trigger; supports feedback
suppression based on stress. Slight overlap with Idea 9.

Selected

4 Use supportive rather than judgmental language
when stress or guilt is detected.

Clearly adapts feedback tone based on detected mood (e.g.,
guilt, stress).

Selected

5 Trigger challenges, goals, or comparisons during
playful or upbeat moods.

Emotion (e.g., happiness) triggers gamified engagement.
Overlaps conceptually with Idea 7 but is broader.

Selected

6 Reinforce eco-actions with praise when users
show pride or satisfaction.

Emotion (pride/satisfaction) is the direct input; strength-
ens positive reinforcement.

Selected

7 Use fun facts or gentle nudges to re-engage bored
or disinterested users.

Overlaps with Idea 5; Idea 5 offers a more comprehensive
framing.

No

8 Send feedback during idle tasks or low-stress pe-
riods, like cooking or watching TV.

Trigger is typically context- or task-based (e.g., idle time),
not emotion-first.

No

9 Suppress or delay notifications during cognitively
demanding or emotional tasks.

Emotion or cognitive stress suppresses poorly timed feed-
back. Overlaps with Idea 3.

No

10 Use visual feedbackwhen users are calm; audio or
minimal cues when users are tired or distracted.

Emotion state (e.g., tiredness, calm) guides modality choice
(audio, visual, minimal).

Selected

11 Adjust lighting and heating automatically based
on emotional state (e.g., dim lights for relaxation).

Emotion (e.g., stress or calm) triggers environmental
changes (e.g., light dimming).

Selected

12 Suggest energy-efficient meals based on mood
(e.g., fast meals when tired, batch cooking when
energized).

Emotion plays aminor role; context/task is themain driver. No

13 Lower heating or lighting during VR/gaming ses-
sions when emotional signals indicate immersion
or movement.

Driven by activity detection; emotion inferred, not directly
detected.

No

14 Learn from past emotional reactions to tailor fu-
ture feedback tone, timing, and format.

Overlaps with Idea 1, but focuses on historical trends, not
real-time adaptation.

No

15 Enable manual override for feedback depth or
frequency when users want more or less infor-
mation.

Control mechanism, not an emotion-triggered adaptive
behaviour.

No

16 Provide transparency and opt-in controls for emo-
tional data collection and use.

Important for ethics, but not an adaptive design idea. No

17 Only present peer comparisons when users are
emotionally ready; avoid during negative moods.

Emotion is the trigger (e.g., only show comparisons when
user is emotionally open).

Selected

18 Trigger shared energy-saving goals when group
emotion is positive (e.g., playful, cooperative).

Group mood is collective and indirect; lacks strong
emotion-as-primary-input framing.

No

Table 5. Overall design ideas from co-design session
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B Combined Insight from Both Study 1 and Study 2

Table 6. Combined Insights from Study 1 and Study 2

Participant Emotion-Adaptive Content Fram-
ing

Emotion-Timed Interaction & De-
livery

Emotion-Aware Environment & So-
cial Adaptation

P02 Avoids emotionally eco-feedback,
prefers data with neutral tone →
Suggested light framing with basic
advice.

Eco-feedback timing should align with
moments of decision-making → Pro-
posed delay when overloaded.

Lives with family and emphasises non-
intrusive cues→ Favoured ambient sig-
nals over explicit prompts.

P03 Sceptical of emotional tone in data→
Designed calm visual feedback for low-
stress moments.

Prefers eco-feedback only in morn-
ing→ Suggested postponing messages
when stressed.

Lives alone, avoids emotional overload
→ Proposed mood-based lighting for
solo evenings.

P06 Valued empathy over raw numbers →
Co-designed friendly tone, e.g., gentle
encouragement.

Avoids complex eco-feedback when
tired→ Proposed minimal cues when
overwhelmed.

Works from home→ Imagined ambi-
ent cues for home office energy mood
alignment.

P07 Prefers calm tone; dislikes overwhelm-
ing emotional messages → Suggested
soft, positive messages with polite
wording.

Avoids eco-feedback during quiet time
→ Recommended postponing feed-
back until daytime hours.

Values privacy during shared time→
Proposed silent mode of eco-feedback
when guests are present.

P08 Wants actionable suggestions, less
emotional→ But accepted pride-based
encouragement in eco-feedback.

Morning preferred for reflection →
Proposed motivational eco-feedback
only during morning routine.

Shared space; avoids conflict → Sup-
ported individual mood-based eco-
feedback in shared rooms.

P09 Critical of vague emotional eco-
feedback→ Tolerated it if it supported
decision-making.

Prefers delay when stressed→ Recom-
mended system to wait and only active
when calm.

Technically skilled; wants control →
Resist automatic adjustments, prefer
explainability
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