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The ’Sustainable zug.KI’ project, funded by the Lower Saxony Ministry of Science and Culture (2025–2028), aims to develop robust

methods to quantify the diverse effects of explainable artificial intelligence (XAI) on sustainability across ecological, economic,

and societal dimensions. By incorporating XAI techniques into machine learning, knowledge representation, and intelligent user

interfaces, the project strives to facilitate the creation of more sustainable systems. An essential goal is to ensure that the complete AI

lifecycle—ranging from development and deployment to usage and reuse—is scrutinised from a sustainability perspective. In response

to the escalating demand for AI systems that maintain both transparency and trustworthiness, the project is primarily concentrated on

resource-limited areas, such as ecological monitoring. By leveraging interactive machine learning (IML), Sustainable zug.KI intends to

generate tools that enable domain specialists, including ecologists, to actively engage in the machine learning process. Moreover, the

project will devise efficient methods for transferring AI knowledge, thereby fostering interdisciplinary cooperation and enhancing

the practical implementation of AI in sustainability initiatives. Sustainable zug.KI aspires to further both foundational research and

real-world applications, contributing to global efforts to fulfil sustainability goals through responsible and explainable AI.

1 INTRODUCTION

The termAccessible AI refers to current research topics in basic and applied AI research. This includes the development

of approaches that enhance the transparency of decision-making processes, facilitate human comprehension of AI-

generated outputs, and ensure the reliability and ethical alignment of AI-based solutions.

From the perspective of AI research, these topics have a key requirement: AI systemsmust be explainable, interpretable,

and trustworthy [Marcinkevics and Vogt 2023]. While these concepts partially overlap, they contribute to an integrated

perspective, particularly in the context of combining symbolic representations with complex neural architectures.

The differentiation of these terms in the literature reveals diverse approaches. Interpretability primarily concerns

the understanding of AI models, including their comprehensibility and traceability [Marcinkevics and Vogt 2023;

Rudin 2019]. Explainability, in contrast, focuses on generating explanations for the conclusions or actions of such

systems. Interpretability is often regarded as a passive characteristic of a system, meaning that its operations can be

understood by humans either through direct introspection or by producing explanations [Biran and Cotton 2017]. This

property is particularly associated with inherently interpretable models [Rudin 2019], which allow users to directly

trace how inputs map to outputs, offering full transparency, such as decision trees, linear/logistic regression, or rule

lists. Interpretable models that are not fully transparent include support vector machines or Bayesian networks, which

are interpretable (post-hoc) because of the concept of their graphical structure (a directed acyclic graph) that explicitly

shows the probabilistic relationships and conditional independencies between variables, respectively.

Explainability, on the other hand, is considered a more active characteristic, aimed at making a system’s functioning

clear and easy to understand [Arrieta et al. 2020]. This is often achieved through post-hoc methods [Rudin 2019] and

it requires approaches from human-computer interaction to offer human-understandable justifications for specific

end-users.
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Ultimately, these aspects contribute to the trustworthiness of AI systems [Floridi 2019;Wing 2021], which encompasses

explainability, interpretability, and transparency. Trustworthiness ensures that users can gain insights into system

modelling and procedures, quantify uncertainties, and verify AI-driven processes.

In addition to the fundamental research questions arising from AI development, there is a crucial need to address the

dissemination of AI knowledge across society, industry, and policymaking. To facilitate informed discussions on AI

governance, enable well-founded decisions regarding its profitable application in products and processes, and establish

new regulatory frameworks where necessary, significant and continuous efforts are required. These efforts must focus

on transferring AI knowledge to the business sector, fostering dialogue with society, and enhancing AI-related education,

training, and professional development. Such initiatives are essential to ensure that stakeholders across various domains

possess the necessary expertise to engage with AI technologies responsibly and effectively.

Both dimensions—research and dissemination—are encapsulated here under the term Accessible AI. AI methods

must inherently allow for explainability, interpretability, and trustworthiness from a scientific and technical standpoint.

At the same time, the transfer of AI knowledge must ensure that AI is effectively communicated to society, industry,

and policy.

This project, Sustainable zug.KI, complements the objectives of the IML (Interactive Machine Learning) research

area by incorporating sustainability aspects. In the IML research area, the foundations of intelligent algorithms and

user interfaces are developed, enabling machine learning through human interaction, either via natural dialogue or

learning from observational data. The primary focus is on methodological research, with key areas of transfer including

applications in ecology, medicine, and industry.
1

In a world of increasingly scarce resources, unreliable energy supply, and increasingly fragile supply chains, particu-

larly for hardware, universities, research institutions, and industry will continue to provide more powerful AI systems.

However, this also means that in the future, the consumption of resources must be justified on a much larger scale. This

is accompanied by corresponding legislation at the EU level. The EU aims to achieve climate neutrality by 2050, creating

an economy with net-zero greenhouse gas emissions. This goal is at the heart of the European Green Deal [European

Union 2020] and, thanks to the European Climate Law [European Union 2021], it has become a legally binding objective.

However, AI institutes are currently not in a position to adequately meet these requirements. At present, AI

practitioners lack systematic tools to justify the use of AI in general, the decision against using AI, or the selection of

a particular AI system for a given problem based on a solid cost-benefit analysis within the context of sustainability.

This has become a pressing issue since Large Language Models (LLMs) became mainstream AI technologies in 2025.

Furthermore, there is a lack of awareness regarding the significant resource consumption. Estimates suggest that

the training phase of an LLM consumes as much energy as 500 German households do in a year (estimates based

on [Patterson et al. 2021]). Data centres and network infrastructure already account for a non-negligible share of

global electricity demand and associated emissions, underscoring the environmental relevance of AI and cloud-based

computing.

The challenge lies in the development of methods that comprehensively quantify the impacts of AI technologies on

sustainability throughout their entire lifecycle, encompassing the phases of development, deployment, use, and, where

applicable, reuse. This requires a holistic approach to measuring resource consumption and assessing the impacts of AI

across ecological, economic, and societal dimensions.

1
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The project Sustainable zug.KI aims to develop robust methods for quantifying the diverse impacts of explainable

artificial intelligence (XAI) on sustainability across ecological, economic, and societal dimensions. In doing so, this

project contributes significantly to achieving the Sustainable Development Goals (SDGs) [United Nations 2015]. We

focus on Computational Sustainability (CS) and Explainable AI (XAI). Specifically, we leverage XAI methods

in the fields of machine learning, knowledge representation, and intelligent user interfaces to contribute to more

sustainable systems (XAI for CS) and to the development of more sustainable XAI systems (CS for XAI). To make XAI

technologies more sustainable, the entire lifecycle of development, deployment, usage, and reuse, among other factors,

must be taken into account. Currently, there are no established methods to measure and quantify the impacts of XAI

throughout the lifecycle in the aforementioned dimensions.

2 PRELIMINARYWORK

Research in the Applied Artificial Intelligence (AAI) department
2
and DFKI

3
focuses on the application and adaptation

of artificial intelligence techniques to fields such as industry
4
and medicine

5
.

The application aspects relevant to the research primarily involve the utilisation of systems based on machine

learning and intelligent user interfaces. The main focal points encompass multimodal input and output, as well as

environment and state detection, sensor data processing, and issues related to real-time capabilities and interactivity

when learning from extremely large or extremely small datasets. Moreover, aspects of reliability, including trust in AI

and explainable AI, are deemed significant.

Sustainability topics and engagement have a long-standing tradition in the teaching, research, and operations at

the Carl von Ossietzky University of Oldenburg. The focus on sustainability in this project evolves around tangible

AI-related questions.
6

In addition to sustainability itself, the socio-technical aspect of explainability plays a central role in the context

of predictions: Interactive Machine Learning and Explainable AI, two sides of the same coin. Overall, the
emphasis on XAI can be illustrated as the intersection of machine learning, end-user explanations and human-computer

interaction (figure 1):

Recent research contributions of AAI and DFKI IML can be identified in these subfields as follows:

Machine Learning. This primarily includes the so-called image captioning task and other aspects of (medical)

image processing, as well as sensor data and video processing, and theoretical topics such as self-supervised learning

[Barz and Sonntag 2019; Biswas et al. 2021, 2019; Nguyen et al. 2020, 2022a, 2023, 2022b; Nunnari et al. 2020, 2021a,b].

Human-Computer Interaction. With regard to multimodal multi-sensor interaction, the focus is primarily on

work in eye tracking, attention recognition, and multimodal demonstrators of complete systems, along with ‘Human

Factor’ topics [Barz et al. 2018, 2023, 2021; Barz and Sonntag 2021; Barz et al. 2020; Bittner et al. 2025; Gouvea et al.

2023; Kopácsi et al. 2023, 2024, 2026; Le et al. 2025; Prange and Sonntag 2021b; Sonntag and Profitlich 2019].

End User Explanations (XAI) / User Modelling. Published works primarily focus on passive and active user

modeling during stylus interaction, a publicly available software toolbox for XAI, and user interfaces for specific

2
https://uol.de/aai

3
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4
https://smartfactories.dfki.de/

5
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6
The sustainability research profile in Oldenburg is being enhanced through doctoral programs, supplementary projects, and involvement in international

initiatives. The Sustainable zug.KI project lends support to these programs.
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Fig. 1. Explainable AI sits at the intersection of machine learning, end-user explanation/user modelling and human-computer
interaction.

XAI end-users, as well as NLP narratives for the natural language generation of domain-specific explanations for the

decisions of an ML system [Alam et al. 2025; Biswas et al. 2020; Hartmann et al. 2022; Kadir et al. 2023; Leist et al. 2025;

Nunnari et al. 2021a; Prange and Sonntag 2019, 2021a, 2022]

2.1 Computational Sustainability & Technology

The research field Computational Sustainability & Technology
7
combines theoretical foundational research with

practical international application projects. Computational Sustainability (CS) is the scientific domain that aims to

harmonise societal, economic, and ecological resources using methods from computer science and artificial intelligence.

AImodels, such asmachine learningmodels, enhance computational sustainabilitymodels. Research canmake significant

contributions to addressing key sustainability challenges (AI for CS). Questions related to computational sustainability

also enrich AI research as a whole, not only by raising issues related to vagueness or uncertainty, thus presenting new

AI challenges, but also by providing a framework of requirements for resource-bound computations (CS for AI).

A central pillar of CST research is interactive, AI-supported wildlife monitoring. Passive acoustic monitoring

(PAM) has emerged as a powerful, non-invasive approach for biodiversity observation, enabling continuous recording

of environmental soundscapes and providing insights into animal behaviour, species richness, and ecosystem health

[Ross et al. 2023; Sugai et al. 2019]. While PAM allows large volumes of ecological data to be collected with minimal

disturbance, its widespread adoption is limited by the effort required to analyse and annotate massive, largely unlabelled

audio datasets. AI—and in particular interactive machine learning (IML)—offers a means to address this bottleneck by

combining scalable machine learning models with expert knowledge, explainable representations, and iterative human

feedback.

7
https://cst.dfki.de
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Against this backdrop, the first international CST project of the IML research area, Amber
8
(Interactive Machine

Learning Solutions for Acoustic Monitoring of Animal Wildlife in Biosphere Reserves), has established a method-

ological and organisational foundation for human-in-the-loop biodiversity monitoring using PAM. Building on this

foundation, both research aspects and practical application aspects, including prototype development in applied contexts,

will be promoted through ongoing doctoral projects within Sustainable zug.KI (personnel resources, material resources,

investments). These activities draw on and extend results obtained under real-world conditions, including the validation

of interactive learning workflows during the XPRIZE Rainforest competition, where our contribution as part of the

Brazilian Team achieved a Top-3 placement
9
. Within the CST roadmap, this work represents a step toward sustaining,

scaling, and disseminating interactive AI methods for long-term biodiversity monitoring across biosphere reserves and

related conservation contexts [Gouvea et al. 2023].

Beyond wildlife acoustics, CST pursues a second flagship application in coral morphology analysis. Coral reefs are
among the most diverse and ecologically significant marine ecosystems, yet understanding how environmental factors

influence coral growth remains challenging. Laboratory-based experiments—where parameters such as temperature,

light, and water chemistry can be systematically controlled—play a crucial role in isolating causal relationships relevant

to climate change impacts and associated biodiversity loss. However, the analysis of laboratory-generated photographic

and volumetric coral data remains labour-intensive, limiting experimental throughput and reproducibility.

To address this bottleneck, we develop interactive, cloud-based analysis workflows that combine computer vision

methods with expert-driven refinement for two- and three-dimensional laboratory coral imagery. Pre-trained segmen-

tation and detection models provide scalable initial analyses, while interactive annotation and adaptive learning enable

researchers to correct errors, refine model behaviour, and iteratively improve performance on specialised datasets. These

methods support the systematic study of growth patterns and morphological responses under controlled environmental

conditions, thereby accelerating experimental research on coral resilience and vulnerability. Beyond marine ecology, this

work also serves as a methodological bridge to medical image analysis: coral morphology data and research questions

share structural similarities with medical imaging, while regulatory constraints are substantially lighter. As such, this

domain provides a valuable testbed for interactive machine learning methods that can later inform medical AI research

under stricter regulatory regimes.

A third CST focus area addresses AI-supported sustainability reporting, with a particular emphasis on Life Cycle

Assessment (LCA). Increasing regulatory demands, such as those emerging from European sustainability frameworks,

require organizations to produce transparent, consistent, and continuously updated sustainability assessments. CST

research explores how interactive knowledge systems, ontology-based representations, and agentic AI can support the

integration of Life Cycle Inventories, environmental impact metrics, and qualitative sustainability criteria into coherent

reporting workflows. By embedding LCA as a core analytical backbone, these tools aim to transform sustainability

reporting from a periodic compliance task into a dynamic, data-driven decision-support process. From a CS-for-AI

perspective, this line of work also provides a concrete framework for assessing the environmental costs and benefits of

AI systems themselves across their lifecycle.

Across all three pillars, CST places strong emphasis on transfer, networking, and the provision of prototypes on-site.

The existing international network spans research and practice across multiple ecological and geographical contexts.

These collaborations ensure that methodological advances in interactive machine learning and explainable AI are

continuously grounded in real-world sustainability challenges and informed by domain expertise. Through this network,

8
https://cst.dfki.de/amber

9
https://iml.dfki.de/news/iml-among-the-winners-of-the-10-million-xprize-rainforest-contest/
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CST research emphasises iterative validation in applied settings, long-term engagement with stakeholders, and the

deployment of prototypes in operational environments, thereby strengthening both scientific relevance and transfer

potential.

3 SPECIFIC RESEARCH TOPICS

Regarding the ongoing dissemination of AI, a particular DFKI project should be highlighted, as it sets the transfer

framework for the work in Sustainable zug.KI: XAINES, explaining AI with narratives (BMBF, 2020-2024). In the XAINES

project [Hartmann et al. 2022], not only is explainability ensured, but explanations (narratives) are also provided. The

central question is whether the AI system can explain in a sentence why it made a certain decision or if it needs to

explain it interactively to the user.

The ongoing doctoral projects focus on making AI systems accessible, trustworthy, and effective for sustainability-

oriented domains. All theses align with one of the three CST flagship areas: AI-supported wildlife monitoring, coral

morphology analysis, and sustainability reporting.

DP1: Interactive Active Learning for Acoustic Wildlife Monitoring. This thesis investigates active learning strategies

for large-scale passive acoustic monitoring, aiming to minimize annotation effort while maximizing ecological insight.

By identifying the most informative audio segments for expert review, the work develops interactive learning loops that

adapt model behaviour based on sparse, high-value feedback. The research contributes methods for uncertainty-aware

sampling and expert-in-the-loop model refinement, and explainable representations tailored to ecological decision-

making [Kath et al. 2024a, 2025, 2026, 2024c].

DP2: Visual Interaction and Explainable Representations in Bioacoustics. This thesis investigates how visual analytics

and interactive interfaces can support the interpretation of large, high-dimensional soundscape datasets in bioacoustic

research. It focuses on the design of interactive analysis pipelines that allow domain experts to flexibly explore and

compare different acoustic representations, ranging from hand-crafted acoustic indices—familiar, interpretable, and

inexpensive to compute—to learned audio embeddings that capture more complex structure. Rather than integrating

these representations into a single feature space, the work emphasises rapid prototyping and interactive pipeline

building, enabling experts to swap representations, dimensionality reduction techniques, and clustering methods to suit

specific research questions and data characteristics.

These pipelines are embedded in interactive multimodal interfaces that allow ecologists to explore representations,

inspect clusters, and iteratively guide analysis decisions based on ecological expertise rather than purely model-driven

criteria. In doing so, the approach complements active learning not only during the cold-start phase, when labels and

target variables are uncertain, but also in later stages by placing experts in a more active role than that of a passive

oracle responding to algorithmic queries. By treating representations and clustering methods as explorable components

of an analysis pipeline—rather than as fixed preprocessing steps—the work supports explainability, expert-driven

sensemaking, and reproducible early-stage analysis. The resulting designs will inform CST tools such as YAPAT10
and

the EcoScape Analyzer, and are being evaluated with domain experts to assess usability and effectiveness in real-world

bioacoustic workflows [Kath et al. 2023, 2024b; Saghir et al. 2025].

DP3: Weakly Supervised Learning for Ecological Sound Analysis. This thesis addresses the scarcity of strongly annotated

training data in bioacoustics by developing weakly supervised methods for sound event detection and temporal

10
https://yapat.readthedocs.io/

https://yapat.readthedocs.io/
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localisation in recordings from curated sound collections. Rather than relying on interactive exploration or query-based

annotation strategies, the focus is on algorithmic approaches that transfer knowledge from existing wildlife sound

libraries and museum collections—where recordings are typically curated at the level of species presence but lack

precise temporal annotation—to large-scale, unlabelled PAM datasets. By leveraging transfer learning and multiple

instance learning, the work demonstrates how information encoded in curated sound collections can be used to

derive fine-grained temporal structure in continuous field recordings, substantially reducing dependence on costly

expert annotation. The resulting methods complement active learning and visual analytics workflows by providing

automatically generated, temporally resolved labels that can serve as an initial training signal or downstream input for

expert-driven refinement [Troshani et al. 2024a,b].

DP4: Interactive Machine Learning for Coral Morphology Analysis. This doctoral project develops human-in-the-

loop computer vision workflows for analysing two- and three-dimensional coral imagery. By combining automated

segmentation with expert-driven correction and adaptive learning, the research improves efficiency and reproducibility

in coral morphology studies. Methodologically, the thesis positions coral ecology as a bridge domain whose data

characteristics closely resemble medical imaging, enabling transferable insights for interactive medical AI under lighter

regulatory constraints.

DP5: AI-Supported Sustainability Reporting and Life Cycle Assessment. This thesis focuses on interactive AI systems

for sustainability reporting, with LCA as a core analytical component. The research develops ontology-based knowledge

representations and agentic AI workflows to integrate heterogeneous data sources, automate consistency checks,

and support scenario analysis. By embedding human feedback into reporting pipelines, the work aims to improve

transparency, traceability, and trust in AI-supported sustainability assessments, while also enabling evaluation of the

environmental impacts of AI systems themselves.

The following list provides examples of additional specific research topics:

(1) Interactive learning of structured and hierarchical representations from sensor data, including disentangled and

ontology-informed latent spaces.

(2) Use of learning systems and intelligent user interfaces for interactive learning incorporating XAI aspects and

sustainability.

(3) Sensor data processing and issues of real-time capability and interactivity in learning with very large or very

small datasets, including reliability and sustainability aspects.

(4) Adaptation of artificial intelligence methods in interactive machine learning under XAI and sustainability

considerations, applied to industrial and medical applications (as secondary transfer domains).

(5) Sustainable learning systems with continuous adaptation mechanisms and feedback loops for explanations.

(6) IML application systems in the field of sustainability, particularly international biosphere reserves.

(7) Computational sustainability and technology transfer with a focus on trust aspects.

(8) Information extraction from medical texts and images with a focus on trust aspects (as secondary transfer

domains).

4 WORK PLAN

WP1: Project Coordination and Cross-cutting Themes; Outcome: Coordination with the projects of technological

subject matter experts. Public outreach through publications, presentations, and joint demonstrations of project results.
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WP2: Requirements Analysis; Outcome: Specification of requirements and bottlenecks through structured

analysis of the (HCI) workflows of sustainability domain experts. Research on state-of-the-art AI systems and programs

aimed at enhancing workflow efficiency, with a focus on robust methods for quantifying the diverse impacts of

explainable artificial intelligence (XAI) on sustainability across ecological, economic, and societal dimensions.

WP3: Implementation and Evaluation of a Visualisation Component for Relevant Data and Decision
Processes of ML Models to Increase Transparency and Sustainability; Outcome: A component for the iterative

development and testing of programs and algorithms to improve workflow efficiency and ML training processes,

in collaboration with domain experts. This component will be intuitive and usable without programming expertise,

providing interpretable results for domain experts. Additionally, a visual tool for data acquisition, data annotation, and

data quality enhancement will be implemented.

WP4: Implementation and Evaluation of an XAI Interface that Actively Integrates Experts into the
Learning Process and Explains Decision-Making Aspects of Sustainability; Outcome: A component to integrate

elements that explain the results of the AI system to the user while simultaneously giving the user decision-making

authority over the system. This will include new methods for measuring and quantifying the impacts of XAI.

WP5: Implementation and Evaluation of an ML Component to Enhance ML Models with Explainability
and Sustainability by RelatingML Predictions to Standardized Concepts and Guidelines from the Application
Domains; Outcome: Component for analysing available datasets and model structures. Training of a large model for

the generation of representations of, for example, passive acoustic audio data and other multimedia data such as images

and videos, including reuse strategies, or cost-benefit justification.

WP6: Enabling Accessibility to the Applications; Outcome: Development of a robust demo application to en-

hance the efficiency of workflows for subject matter experts, which is intuitive and self-sufficient for individuals without

programming knowledge, offers possibilities for expansion, and is well-documented; Evaluation of trustworthiness in a

user study.

5 HUMAN-COMPUTER INTERACTION RESEARCH

The two angles to tackle sustainability issues in and with XAI—XAI for CS and CS for XAI—imply several tasks that fall

under the umbrella term of human-computer interaction (HCI) research. To effectively support work that contributes

to more sustainable use of scarce resources, the needs and practices of relevant user groups, such as ecologists, must

be thoroughly understood. HCI research has developed various methods to facilitate such understanding, such as

participatory and co-design, observation, and interviews [Hornbæk et al. 2025]. These methods help identify, design,

and deliver appropriate XAI tools and measure their effect on domain experts’ workflows. They thus ensure that the

goal of the Sustainable zug.KI project—to deliver robust methods for quantifying the multifaceted impacts of XAI on

sustainability—remains rooted in human values and domain experts’ practices.

To structure these HCI research activities, we draw upon the established design process model by Hornbæk,

Kristensson, and Oulasvirta [Hornbæk et al. 2025], which conceptualises HCI research as a process of moving from

understanding the present (through user research and analysis of interaction) to creating a desired future (through

design, engineering, and evaluation).

5.1 Exploration of the Problem Space

The initial activities in HCI research relate to understanding the present, primarily covering User Research and Un-

derstanding People [Hornbæk et al. 2025]. The goal of these activities is to develop a thorough understanding of the
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context in which the newly developed AI and XAI methods are to be used. This implies an exploration of the problem

space without preconceived solutions.

XAI for CS. To effectively support domain experts such as ecologists with AI and XAI technology, their activities

around sustainable practice must be carefully observed and analysed. It must be understood how they collect, manage

and analyse data (e.g., passive acoustic audio data) and how they derive decisions from it. Methods from Participatory

Design [Bødker et al. 2022], such as contextual inquiry or co-design workshops, as well as interview and observation

studies [Hornbæk et al. 2025], can help foster such an understanding. For example, an observation and interview study

into ecologists’ data analysis and modelling practices to monitor wildlife with bioacoustic data—that is, which tools,

motivations, norms, collaboration habits, etc. shape how they process and interpret bioacoustic data to identify diversity

and prevalence of wildlife and how they make decisions around preservation on their basis—can shed light on the

breakdowns, barriers and contradictions in those domain experts’ current use of technology. Such studies are necessary

to recognise and understand underserved needs for analysis and communication that can be supported with AI. They

further ensure that AI and XAI methods developed in the project preserve and amplify the way in which domain experts

exercise their expertise. Exemplary outcomes of such activities are design guidelines for later phases of the development

and assessment process or, in the case of early-stage co-design activities, concepts and sketches for technological

solutions. Understanding experts’ established practices—as well as their initial perceptions of AI—through exploration

activities is a requirement for designing AI systems that earn domain experts’ trust and that facilitate their activities.

CS for XAI. We must understand the workflows and decision-making rationales of AI practitioners to empower

them to make more informed decisions regarding scarce resource use: What factors currently drive their choice of

model architecture or training regimen? Which role do resource consumption and sustainability play in their decision-

making processes? A human-centred or participatory approach that involves AI experts, such as data scientists or

ML engineers, in the design process can help reveal the practical barriers to adopting more sustainable practices. For

instance, joint observation and interview studies could pinpoint difficulties MLOps and LLMOps engineers face in

locating or interpreting existing resource consumption metrics in industry-standard dashboards and documentation

(e.g., W&B11, MLflow12
) when deciding upon cloud resources for deployment or how long a model will remain active

[Tamburri 2020]. Similarly, the Product Requirements Documents (PRDs) or Jira tickets written by AI product managers

(e.g., a product manager deploying a chatbot for an e-commerce app) could be analysed regarding sustainability aspects,

for example, how commonly requirements related to energy efficiency are stated. Cultural probes could be used to

gather rich, unsolicited insights into the daily priorities, concerns, and collaborative practices of AI teams, revealing the

latent norms that may deprioritise sustainability. For example, a ’cut corners’ diary could be distributed to AI engineers

working in a consultancy firm to capture micro-decisions made during coding and meetings that record and let the

AI practitioners reflect on when and why their work negatively affected energy consumption. Finally, the tools that

AI practitioners use themselves could be studied, such as training and evaluation dashboards like W&B13 or Comet

ML14. Such analysis can reveal how those tools integrate and represent sustainability aspects of ML development and

deployment and thus reflect on and conversely shape sustainability practices in AI development. These methods can help

create a shared understanding, for example, whether it is a lack of awareness, a lack of tools, or institutional pressure

11
https://wandb.ai/

12
https://mlflow.org/

13
https://wandb.ai/

14
https://www.comet.com/

https://wandb.ai/
https://mlflow.org/
https://wandb.ai/
https://www.comet.com/
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that deprioritises sustainability efforts. User research thus provides the necessary grounding to design interventions

that can reshape established AI and XAI workflows.

5.2 Iterative Development and Assessment

The second set of activities in HCI research relates to creating a desirable future, covering Design, Engineering and

Evaluation [Hornbæk et al. 2025]. The goal of these activities is to develop concepts and designs that address the needs

identified in the previous activities and to turn them into practical systems. This is an iterative process of building,

refining, and evaluation which tightly connects the findings of the previous activities to utility for the domain or AI

experts.

XAI for CS. A key notion for the design of AI systems that support sustainability activities is trustworthiness.

Research must recognise those factors that contribute to a fair assessment of the AI’s ability (i.e., performance) and

integrity (i.e., adherence to the user goals) [Hoff and Bashir 2015] in the given application context. For example, it

must identify those aspects that ecologists look out for to understand when and to what degree they can rely on the

classification of bioacoustic signals into different species and those XAI techniques that are particularly effective at

helping them diagnose system strengths and shortcomings in that regard. XAI systems must thus help users form

an accurate model of the AI’s capabilities, fostering what is known as calibrated trust [Zhang et al. 2020]: trusting

the system when it is competent and distrusting it when it is not. To achieve this, AI systems must be reliable, but

also transparent and support users in understanding their actions and limitations. XAI methods are central here. The

interaction between a domain expert and an AI system should establish common ground between the user and the

machine. It must ensure that the feedback provided by the human is correctly interpreted by the AI, and that the AI’s

suggestions are comprehensible to the human. This communication, including the vocabulary and sharing practices, is

highly likely to be use case-specific. For example, managers of conservation areas employ different terminology and

look for different metrics than ecology researchers or regulators to analyse passive acoustic audio data, although all

need to regularly collaborate to make decisions that affect wildlife preservation. The development of XAI methods and

tools for sustainability thus requires evaluation studies directly involving and engaging with the relevant user groups. It

also requires HCI activities, for example, related to prototyping, to explore alternative solutions and develop guidelines

and principles for effective XAI. For example, empirical experiments can be used to compare established XAI methods

with new explanation mechanisms that more tightly integrate domain-specific knowledge, for example, by basing

explanations on an ecology-specific ontology-informed embedding space. If one method establishes a more accurate

understanding of a system’s capabilities (e.g., of a system’s confidence range or error rate), it should be preferred.

Similarly, to assess the practical utility and understand the nuances of the interaction, think-aloud protocols with

domain experts, such as ecologists using an XAI system to label bioacoustic data for different animal species, could

reveal mismatches between their mental models and the system’s output. These activities can inform the iterative design

of new interactive visualization and machine learning tools to support data and communication needs of sustainability

practitioners.

CS for XAI. To support sustainability efforts in AI, sustainability must become a core component in the AI and XAI

development workflow. HCI research efforts will be required to identify those interaction and visualisation patterns that

effectively communicate the resource costs associated with different XAI methods. It can then help guide users toward

more sustainable choices without hindering their work. The goal here should be to help users develop an intuition for

the sustainability impact of their actions over time. This will empower them to make informed decisions about their
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XAI needs and their ecological implications without prescribing one-size-fits-all methods. To achieve this, the interfaces

that communicate such impact and help AI experts explore it (e.g., IDE plugins, MLOps/LLMOps dashboards) should

provide salient, actionable feedback on resource consumption. At the same time, they must be designed in a way to

empower AI practitioners to make informed choices regarding resource consumption while fitting into their established

development and collaboration practices. HCI activities, such as prototyping or co-design workshops, can help quickly

progress towards such system designs. For example, a participatory co-design workshop with Data Scientists and ML

Engineers who regularly use XAI methods and libraries such as SHAP [Lundberg and Lee 2017] or LIME [Ribeiro et al.

2016] in their workflows could identify interaction and visualisation patterns that effectively communicate resource

costs and fit with domain norms around ML development and deployment. Similarly, native prototyping could be used

to develop new IDE plugins (e.g., based on existing energy profiling tools like MANAi15) to explore interaction design

patterns such as tooltips, colour coding, or sidebars that can effectively convey resource consumption of XAI analyses

to junior to mid-level AI developers who may not yet have developed a strong intuition for the environmental cost of

model training. The consequent evaluation of such systems must consider usability, for example, using standardised

task load and usability questionnaires such as NASA-TLX [Hart and Staveland 1988] and SUS [Brooke 1996]. But, more

importantly, it must measure their effectiveness in causing a shift in developer attitudes and behaviour and practices

towards more sustainable AI usage, which can, for example, be recognised through in situ deployment studies [Hornbæk

et al. 2025].

5.3 Activities in the Work Packages

The general HCI activities outlined above map to the work packages from section 4 to yield specific HCI tasks to be

completed as part of the Sustainable zug.KI project. Since WP1: Project Coordination and Cross-cutting Themes refers to

general outreach and dissemination activities, we focus onWP2 throughWP6 here.

5.3.1 WP2: Requirements Analysis. The goal ofWP2 is to identify breakdowns in how (X)AI systems are currently used

by sustainability experts, such as ecologists, and to translate them into requirements for new (X)AI systems. These

should support sustainability-related activities, such as the analysis of passive acoustic monitoring data, while adhering

to established practices in the application domain.

Key activities in support of this goal include:

• Identification of stakeholder groups and profiles (e.g., ecologists, sustainability analysts, data scientists, policy

makers) through interviews and field study methods, such as contextual inquiry, activity analysis, and artifact

analysis,

• Analysis of AI lifecycle workflows—spanning data collection, annotation, model training, interpretation, and

reporting—to identify breakdowns and cross-role hand-offs (e.g., between people with different expertise, such

as between ecologists and data scientists), for example, through Hierarchical Task Analysis (HTA), and journey

mapping,

• Definition of key evaluation criteria and performance indicators, for example, related to usability, cognitive

load, efficiency, trust, or energy, data, and compute demands, to direct the development and evaluation, and

15
https://github.com/aschuler84/MANAi

https://github.com/aschuler84/MANAi
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• Definition of design guidelines and structured requirements [Sonntag et al. 2010] for the development of new

XAI and active learning methods, desktop, mobile, or extended-reality applications, or adaptive interfaces—

including requirement analysis for 2D desktop/tablet vs. 3D VR/XR interfaces to identify when spatial data

exploration or immersive review can be beneficial [Saghir 2025].

Within the doctoral projects outlined above, such activities serve to answer questions such as Which forms of

ecology knowledge do current active learning strategies fail to consider? (DP1) or How can representations and interactive

visualisations best support collaborative sense-making around PAM data? (DP2).

5.3.2 WP3: Visualisation of Data and Decision Processes in Machine Learning Models. The goal ofWP3 is to develop

one (or multiple) software applications to let sustainability domain experts, such as ecologists, interactively explore,

manipulate, and control their data as well as their machine learning models. This includes activities such as viewing

and labelling data, and monitoring, inspecting, and directing model training and outputs. In contrast to standard data

analysis and machine learning tools, the focus of the software tools developed in this project lies on the sustainability-

related aspects of data curation and model training—both in terms of resource consumption (e.g., energy profiles;

cf. CS for XAI ) and mapping to vocabulary and concepts from the sustainability-related application domains (e.g.,

biophony/anthrophony metrics for PAM data; cf. XAI for CS, WP5).

Key HCI activities in support of these goals include:

• Interaction design of 2D or 3D visual analytics tools and dashboards for dataset overview, provenance, curation,

and quality assurance, as well as review of model output and performance,

• Interaction design for iterative “inspect, correct, retrain” loops to facilitate interactive model training without

programming expertise,

• Formative evaluation combining heuristic evaluation with cognitive walkthroughs to assess learnability for non-

programmers performing core tasks, such as identifying data quality issues, labelling samples, and interpreting

model outputs, and

• Summative evaluation to measure transparency effects.

Within the doctoral projects outlined above, these activities serve to answer questions such asWhich visual encoding

strategies direct ecologists’ attention to the most informative samples, for example, the labels most likely to be wrong?

(DP2) or Can ecologists effectively (re-)configure the newly designed visual analytics tools for their practical analysis needs?

(DP2).

5.3.3 WP4: Expert-in-the-Loop XAI Interfaces. The goal ofWP4 is to develop methods and interfaces to let sustainability

domain experts steer the behaviour of machine learning models within their application domains. This requires that

the models’ behaviour is first explained and made transparent to the domain experts. As a second goal, the ecological

impact of those explanation mechanisms will be communicated to the practitioner to facilitate more sustainable model

training and curation.

Key HCI activities in support of these aims include:

• Design of an explanation-and-control user interface combining local explanations (instance-level) and global

explanations (model-level), uncertainty estimates, and contrastive ’why/why-not’ comparisons,

• design of user controls to override, constrain, approve, or request more XAI evidence, and to choose explanation

granularity [Hartmann et al. 2022],
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• Design of adaptive explanation interfaces supporting role- and expertise-dependent explanations (e.g., novice

vs. expert, ecological vs. policy lens vs. other user modelling profiles), progressive disclosure (providing further

details on-demand), and personalisation based on observed user behaviour and error patterns,

• interaction design for active learning using query strategies presented in human-understandable terms (e.g.,

‘label these instances reduces uncertainty/bias’),

• Interaction design to capture expert feedback, such as labels, rationales, corrections, or concept constraints, to

facilitate interactive model training, and

• Interface design for contested decisions and accountability: provenance of suggestions (cf. data provenance as a

data quality signal [Sonntag 2004]), audit trail, and traceable changes across iterations.

Within the doctoral projects outlined above, such activities serve to answer questions such as How do interactive

loops based on supported segmentation affect the accuracy and efficiency of coral morphology segmentation compared to

purely manual annotation? (DP4) or How are ecology-informed active learning strategies perceived by ecologists acting as

labellers? How do they affect training efficiency and expressiveness in labelling? (DP1).

5.3.4 WP5: Ontology-based (X)AI. The goal of WP5 is to develop a new large model to capture common data and data

types in a sustainability-related application domain (e.g., a new embedding model of PAM data). The embedding space

and consequent predictions of this model will directly relate to information and knowledge structures in the application

domain, for example, to ontologies of ecological audio data for species identification.

Key HCI activities in support of this goal include:

• Design of concept-level validation and disagreement-resolution workflows,

• Design of interface representations and metaphors for standardised concepts, guidelines, and ontologies in a

sustainability-related application domain, for example, in the form of concept browsers, glossaries, or links for

PAM concepts in species identification,

• Interaction and interface design for multimodal data inspection, for example, to annotate data or communicate

explanations around Life Cycle Assessment (LCA) data, and

• Empirical evaluation with sustainability domain experts (e.g., ecologists) regarding the correctness, actionability,

usability, and comprehension of concept-linked explanations and outputs, for example, through semi-structured

interviews.

Within the doctoral projects outlined above, such activities serve to answer questions such as How are the ontology-

informed embeddings perceived by ecologists? Are they perceived as more understandable, transparent, and correct? (DP1)

or To what extent do the newly developed ontology-based embeddings align with the mental models and standardised

taxonomies (e.g., ISO standards) used by LCA practitioners? (DP5).

5.3.5 WP6: Accessible Applications. The goal of WP6 is to make the technology and methods developed in this project

accessible to the wider research community and to the sustainability practitioners. It also includes a second goal to

evaluate the trustworthiness of the developed technology with the respective user groups.

Key HCI activities in support of this goal include:

• Design and implementation of a self-sufficient demo application, including onboarding, tutorials, guided

workflows, and role-based access with simplified interaction modes for non-programmers and full-access modes

for ML experts,

• Cross-platform interaction design (desktop/tablet; optional VR mode if adopted in earlier WPs 3-5),
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• Integration of logging and structured user feedback mechanisms to enable continuous improvement, and report

export functionality to support interdisciplinary collaboration,

• Documentation for domain experts in a sustainability-related application domain (e.g., ecologists), as well as

wider public audiences (e.g., policy makers), and

• Summative evaluation of trustworthiness, including accurate trust calibration and error handling, and longitu-

dinal studies or studies of repeated use on learning effects, adoption, and impact on sustainability practices.

Within the doctoral projects outlined above, such activities serve to answer questions such as How are the newly

developed active learning/embedding strategies most effectively distributed for easy off-the-shelf use by ecologists? (DP1)

or How does the integration of LLM agents affect the perceived trustworthiness of AI-supported sustainability reports in

practice? (DP5).

6 CONCLUSION

Sustainable zug.KI establishes a research agenda at the intersection of explainable artificial intelligence, interactive

machine learning, and sustainability. The project starts from the premise that AI systems should not only be accurate and

useful, but also understandable, trustworthy, and justifiable with respect to their ecological, economic, and societal effects.

To address this challenge, the project combines methodological work in machine learning, knowledge representation,

and intelligent user interfaces with application-driven research in wildlife monitoring, coral morphology analysis, and

AI-supported sustainability reporting.

A central contribution of the project is its dual perspective: using XAI to support sustainability-oriented domains

and, conversely, making XAI systems themselves more sustainable across their full lifecycle. This includes the analysis

of development, deployment, use, and reuse, as well as the creation of robust methods for measuring the impact of AI

technologies on resources, workflows, and decision-making. Human-computer interaction plays a key role in this effort

by ensuring that domain experts can meaningfully participate in model development, interpretation, and assessment,

and by grounding technical advances in real practices and needs.

A particular strength of this new approach lies in its explicit human-centred orientation: domain experts are not

treated merely as end users, but as active participants in iterative learning, explanation, validation, and decision-making

processes. This emphasis is essential for ensuring that AI systems remain aligned with domain practices, support

informed trust, and generate measurable value in real-world sustainability contexts.

The project contributes to a broader vision of AI that is not only technically advanced, but also transparent,

participatory, and aligned with sustainability goals. By linking responsible AI development with real-world sustainability

challenges, Sustainable zug.KI can help shape a more accountable and resource-aware future for AI research and

application.
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