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ABSTRACT 

The overall rapid increase in the use of artificial intelligence technologies (AIT) is linked to various 
initiatives that propose AI ‘for good’. However, a holistic, in-depth understanding of these AI use cases and 
their implications for people, society, and the planet remains lacking, beyond the respective projects’ 
self-descriptions. To close this gap, we present a framework for a holistic yet manageable approach for 
running AI projects to assess their impact. We call our approach the Impact AI Method, as we not only 
want to assess the impacts of AI use cases but also want to impact AI and its use in practice and in public 
debate. The Impact AI Method evaluates concrete AI use cases in terms of their contribution to 
sustainability and public interest, reflecting these two concepts as well as established international guiding 
principles such as democratic values and human rights. The interview- and survey-based methodological 
approach combines and extends existing assessment approaches, incorporating a catalogue of 25 assessment 
criteria to evaluate the results. The Impact AI Method is intended as a reusable blueprint to inform public 
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debate about AI ‘for good’ claims and to support the creation of evidence and transparency for AI systems 
that purport to contribute to just and sustainable development. 
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1 INTRODUCING THE IMPACT AI METHOD 

This discussion paper introduces a structured and replicable approach for an impact assessment of deployed 
AI use cases, aiming for a holistic assessment. The motivation for developing the Impact AI Method stems 
from a research gap we identified in previous work (Züger & Asghari, 2023; Züger et al., 2022). In the past 
decade, the number of AI applications aiming to use AI for ‘good’ seems to be rising, and with them the 
claim about a positive impact and potential of AI to serve society (Tomašev et al., 2020; Floridi et al., 2020; 
Cowls et al., 2021; Chui et al., 2018; European Union, 2025). At the same time, a deeper understanding of 
these projects, their design choices, and their intended and unintended impacts on society and the planet is 
still lacking. The status quo is far from a comprehensive understanding that examines the effects of AI use 
cases intended to do good beyond their public self-descriptions. The approach we are proposing with the 
Impact AI Method focuses on the impacts of individual AI use cases in detail, but with the intention to 
support the widespread application of the method and a growing number of assessed use cases. With the 
in-depth assessment of a multitude of individual cases, the field will gain a more nuanced and accurate 
understanding of the reality of AI for good applications.  

While existing works on impact assessment of AI are helpful and relevant, our approach takes on the task of 
combining, extending and aligning these into a holistic and replicable approach, providing a transparent 
overview and evaluation of the impacts of specific AI for good application. Overall, the Impact AI Method 
is designed to answer the research question, which implications does a given AI use case (X) have for people, 
society, and the planet? To answer this question, the Impact AI Method provides a framework for a holistic 
yet manageable approach for running AI projects to assess their impacts. It allows us to answer, in a 
more general way, which positive outcomes and potentially which harms and negative impacts specific use 
cases of AI may have. By manageable, we mean that the method requires the framework to be 
comprehensible, applicable by practice-oriented evaluators, and demands a time commitment that is 
realistic for organizations running such projects (often NGOs). The answer to this question is not given 
arbitrarily, but in reference to existing norms and values, such as the Universal Declaration of Human 
Rights, the United Nation’s understanding of democracy, a multidimensional account of sustainability, as 
well as consideration of what it means for a technology to serve public interests, as for instance articulated 
for the AI Act of the European Union.  

Nevertheless, answering this question requires breaking this overarching question down into numerous 
smaller aspects as well as an awareness of the existing limitations of providing a conclusive or final answer. 
With this awareness, we see the respective results of our impact assessment as a transparent interpretation of 
the cases we researched. We are convinced of its value for research and practice as, on one hand, we gained 
insights that have the potential to enhance the evidence and discussion in academic debate, and, on the 
other hand, received positive feedback from the cases themselves that the offered reflection process is helpful 
for internal awareness and improvements. We call our approach the Impact AI Method, as we not only 
want to assess the impacts of AI use cases but also want to impact AI and its use in practice and in public 
debate. 
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The methodological approach presented here draws on a number of existing impact assessments and takes 
inspiration from existing methods for documenting AI systems, AI auditing frameworks, and a corpus of 
research aimed at determining and evaluating the societal and environmental effects of AI systems. Further, 
we draw on a combination of the concepts of public interest and sustainability, as we see these as a 
theoretical framework with which various aspects of impact can be comprehensively operationalized. 
Alongside this foundational paper laying out the related work and theoretical background, method 
development process, methodological approach and modules as well as their application in practice, we 
publish materials to apply the method, including questionnaires and templates (the Impact AI Method and 
its materials are available here). 

2 RELATED WORK  

Previous research exists that attempts to analyse AI-supported projects for a positive outcome, e.g. in the 
support of SDGs (Nasir et al., 2023; Vinuesa et al., 2020; Chui et al., 2018; Saetra, 2021; Palomares et al., 
2021; Cowls et al., 2021; Selgas-Cors, 2025; Hussein & Sid Ahmed, 2025), often posing this question on a 
meta level and therefore utilizing scientific repositories and research papers on related AI use cases or 
research projects. Nasir et al. (2023), for instance, have provided overviews of how projects align with the 
SDGs in their descriptions, and how they appear to support or hinder them at this descriptive level. 
However, this perspective does not necessarily capture the actual impacts of individual projects. Also, this 
meta-level perspective leads to an ambiguous result, showing that while some SDGs seem to be furthered, 
others are hindered by the use of AI in specific contexts.  
 
Beyond the research on this meta perspective, impact assessments of concrete use cases have a long history 
as a reflective and practice-oriented approach and assessed impacts in regard to social and environmental 
dimensions, human rights as well as privacy, data protection, or ethics long before AI emerged. The 
International Association for Impact Assessment defines impact assessments as “a structured process for 
considering the implications for people and their environment of proposed actions, while there is still an 
opportunity to modify - or even, if appropriate, abandon - the proposals” (International Association for 
Impact Assessment, n. d.). Today, also for AI, numerous impact assessments exist (Stahl et al., 2023), while 
there is no agreement yet on a necessary standard in content, structure, and implementation. In their 
systematic review, Stahl et al. (2023) identified 38 different AI impact assessments, each targeting different 
goals and outlining different approaches. Some of these assessments are products of academic work; others 
are brought forward by public sector bodies, standardisation bodies, civil society organisations or even 
corporate organisations. Also, their motivations for the respective impact assessments differ: For some, the 
motivations are safeguarding the benefits of AI (High-Level Expert Group on Artificial Intelligence [AI 
HLEG], 2020), assessing system acceptability (Reisman et al., 2018), and promoting trustworthy AI (Calvo 
et al., 2020; AI HLEG, 2020). Our motivation is most similar to that of IEEE (2020) and Raji et al. (2020). 
Here, the understanding of the impacts of AI is emphasized, for instance, in particular related to impacts on 
human well-being throughout the life cycle of AI systems and identifying intended and unintended uses 
(IEEE 2020) or anticipating negative impacts and how to mitigate them (Raji et al. 2020). These 
assessments are usually designed for AI use cases across domains and regardless of their explicit goals, which 
may be the automation of a process or driving efficiency.  
Our approach starts from a slightly different angle. Our impact assessment targets a reflection on the 
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realization of the claimed impacts for ‘good’ alongside a broader normative framework, as we are 
particularly interested in better understanding if the use of AI can uphold the promises and claims that are 
brought in connection with it. Similar to other impact assessments, we aim to achieve knowledge that 
helps to better AI use cases: specifically, the ones we research, but also provide transferable knowledge to 
other use cases by pointing to weaknesses, strengthening accountability, creating transparency, and 
providing an assessment framework that raises the most relevant questions for improvement. While some 
impact assessments target the critical cases, for which negative impacts, such as potential harm, are to be 
expected (Stahl et al., 2023), our approach is specifically tailored to assess projects with regard to the impact 
claims they make themselves, and assess the evidence for these impacts in reflection of established 
international values.  
 
Stahl et al. (2023) grouped the corpus of reviewed impact assessments into six categories: 1) human rights, 
2) ethics, 3) data protection and privacy, 4) security, 5) safety and 6) environmental impacts. The authors 
note that human (or fundamental) rights are the issue most frequently referenced. Many existing works on 
the impacts of AI are rather narrow and focus, for instance, on environmental sustainability only (Luccioni 
et al., 2024), or on privacy-related issues specifically (Clarke, 2009). Each issue that is focused on, whether 
it be ethical, sustainable, or privacy-centered, determines which aspects of a given use case are considered 
in regard to impacts, and which are left out or paid less attention to.  
 
Focused on the general research question which implications does a given AI use case (X) have for people, 
society, and the planet? Our position is that to assess this research question, one needs to cover not only the 
above-mentioned six issues, but even more. Our approach adds a more political lens that allows us to ask 
about impacts on society as a whole, on democratic values, such as public interests, and on sustainability in 
all its dimensions: social, environmental, and economic. With this, our method has a two-eyed focus: it 
assesses the AI use case itself (meaning the system, data, model, and architecture and its design) as well as 
the societal purpose (and its achievement) which the AI system is intended to support. Only by allowing a 
gaze for this “broader picture” can one really answer the question of AI societal impacts holistically.  
Certainly, an assessment of these political dimensions cannot be achieved conclusively, but we believe that 
for a more evidence-based and nuanced debate on the concrete impacts of AI use cases, we need to start 
asking about impacts on political dimensions of AI and articulate our findings as much as possible to 
enhance public discourse.  

3 NORMATIVE AND THEORETICAL BACKGROUND 

To answer our research question, we also take a normative approach, which requires going beyond a 
descriptive outcome. To operationalize the impacts for people, society, and the planet, we grounded our 
method in established normative ideals that lead to a substantial answer to our research question, allowing 
us to evaluate the results in relation to existing articulations of these norms. Given the fact that our 
approach is applicable to AI projects in diverse international contexts, we decided to ground our work in 
the values and principles of international organizations, primarily the UN. The value basis of our 
framework is the Universal Declaration of Human Rights (United Nations [UN], 1948), the UN’s 
definitional work on the concept of Democracy (UN, 2009), as well as the articulation of sustainability by 
the World Commission on Environment and Development (1987), which was later established as the basis 

 

HIIG DISCUSSION PAPER SERIES · 2026-11​ 5 

 

 



 
 
 
 

IMPACT MATTERS!  
 
of the UN’s Sustainable Development Goals.  
Sustainability is an intentionally recognized guiding concept which articulates negotiated ideals and goals 
around intergenerational and intragenerational justice for people and the planet (World Commission on 
Environment and Development [WCED], 1987; UN General Assembly, 2015). Basing our method on 
conceptual works on sustainability allows us to focus on impacts on people and the planet in a multitude of 
aspects, integrating the established dimensions of social, environmental, and economic sustainability (UN 
General Assembly, 2015).  
Within the UN’s work, the concept of the public interest can be seen as an underlying implicit goal of the 
SDGs and democracies as well (Gale, 2022; Chelimsky, 2014; Lewis, 2006). Public interests are for instance 
articulated alongside the AI Act, stating that “[the AI Act as] a Union legal framework [is] laying down 
harmonised rules on AI [...] needed to foster the development, use and uptake of AI in the internal market 
that at the same time meets a high level of protection of public interests, such as health and safety and the 
protection of fundamental rights, including democracy, the rule of law and environmental protection as 
recognised and protected by Union law” (Regulation (EU) 2024/1689 (Artificial Intelligence Act): 2). 
Articulating these values and principles as a normative foundation allows us to bring the collective 
long-term survival and well-being of a public and the planet as well as the procedural qualities of 
democratic negotiations of these interests into focus (Bozeman, 2007). It thereby widens the scope of our 
research to pay attention to the quality of participatory and procedural aspects and allows a political 
assessment of AI use cases, which we deem necessary.  
 
In agreement with Weidner (2002), we see the combination of sustainability and public interest(s) as 
necessary for future decision-making, which enables sustainable and just development. Weidner describes 
a productive tension between the two concepts, which means that they enrich each other both 
theoretically and in practice. We agree with him that both concepts are to be evaluated on an equal and 
not hierarchical level. Each concept on its own appears “unsuitable in political and social practice for 
solving pressing global problems and shaping a global civil society” (Weidner, 2002). Therefore, as 
Weidner argues, a “regulative double-idea’’ is essential: the combined consideration of public interest and 
sustainability is “unavoidable, since under current global development trends there can be no public 
interest without sustainability, but also no sustainability without public interest” (Weidner, 2002). At the 
same time, in the spirit of complementarity, it must incorporate the seemingly irresolvable tension between 
the two concepts and guide political learning and decision-making. On the one hand, sustainability and 
public interest have a strong overlap; for example, both aim for collective well-being and equity and are 
based on shared values such as justice, human rights, and democracy. However, the two concepts also 
differ: while public interest tends to provide arguments for a specific, rather local community and interests 
that have meaning at a given time–even though a long-term perspective might be relevant–sustainability 
inherently builds on a perspective that aims for justice between current and future generations and tends 
towards a global viewpoint. Furthermore, sustainability as a multidimensional concept is already well 
spelled out in societal practices but has normative weaknesses in its internal trade-offs (Kroll et al., 2019), 
for example, when prosperity is served at the expense of social or environmental sustainability. Public 
interest conceptions are a counterpoint as they require the negotiation of all relevant societal interests 
equally. Additionally, the public interest perspective puts focus on the question of purposeful and 
meaningful action and introduces emphasis on the procedural quality of how this purpose is achieved by 
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requiring a participatory and deliberative approach to the negotiation of interests. A good example of what 
we mean by productive tension is the question of human-centricity, which is an issue for debate in 
sustainable politics overall, but also AI specifically.​
Theories of public interest commonly center around human survival and well-being (today and in the 
future). Environmental issues can be captured as public interests and even negotiated in public interest 
litigation (Hui & Karim, 2025). However, public interest negotiation addresses these environmental 
concerns by articulating interests for a human community. The interests of animals and nature are only 
captured indirectly. ​
In contrast, multidimensional understandings of sustainability take into account the environmental 
well-being of life on land and life in water on their own behalf, seeing “intrinsic value in biodiversity”1, 
without it serving humanity. This tension between a human-centric and a more holistic view on 
livelihood and well-being of our planet also shows in regard to AI systems specifically. While on many 
occasions human-centric design of AI systems is seen as a normative quality (Kazim & Koshiyama, 2020), 
this perspective is not without critique (Ryan, 2025) or alternative views (Flaksberg, 2024; Munn, 2024). 
Critics deem the human-centric approach to technology to be “too simplistic, because it does not account 
for the complex entanglements of Earth’s ecosystems” (Foth et al., 2021). ​
This example of a tension between the two perspectives shows how they surface the need for a necessary 
process of global and local negotiation to find practical solutions to partly conflicting objectives and 
interests. We suggest that both perspectives are highly meaningful to a holistic understanding of the 
impact of concrete AI systems in practice and therefore use public interest and sustainability as a theoretical 
framework for our methodological approach. Building on this theoretical foundation, in the following we 
will lay out the process of method development and explain which existing approaches are influential and 
integrated into the overall framework.  

4 METHOD DEVELOPMENT 

Our method development started with iterative cycles of desk research, screening, and adopting existing 
methods. We collected and reviewed relevant literature, focusing on impact assessment approaches and 
documentation of AI systems, relevant international AI frameworks and standards, as well as pertinent 
literature on sustainability, public interest and AI.  
From the reviewed literature, we extracted a first set of potential indicators of the Impact AI Method. After 
arranging the indicators and questions into separate interview guides or the technical survey, we closed 
critical gaps, removed redundancies, and addressed understandability issues. 
​
Inspirational work for the development of the qualitative interview guidelines for our method stems from a 
multitude of sources, as many existing approaches were relevant to our goal of creating a holistic approach.  
One relevant strain of work is ethical guidelines or ethical considerations on AI (Jobin et al., 2019; 
Cowls et al., 2021; Floridi et al., 2020). Ethical principles for AI for good have been propagated and 
discussed for more than the last decade and are surely relevant. Many aspects of these are integrated into 
our assessment method as a normative foundation and in qualitative questions. Another source of 
inspiration was therefore more political, theoretical, and empirical works on the question of how AI could 

1 https://sdgs.un.org/topics/biodiversity-and-ecosystems 
 

HIIG DISCUSSION PAPER SERIES · 2026-11​ 7 

 

 



 
 
 
 

IMPACT MATTERS!  
 
serve the public (Züger & Asghari, 2023; Züger et al., 2022). ​
We understand guidelines by international institutions on the responsible, ethical, or trustworthy use of 
AI as an operationalization of not only the social sustainability of AI but also public interest-oriented values 
for AI, such as, for instance, the Principles for Trustworthy AI by the Organisation for Economic 
Co-operation and Development [OECD] (2024), the Ethical Impact Assessment (EIA) by the United 
Nations Educational, Scientific and Cultural Organization [UNESCO] (2023) or the EU Assessment List 
for Trustworthy AI (ALTAI) (European Commission, 2020). While our method overlaps and is 
synchronized in parts with the guidelines and approaches mentioned, it also differs in scope, as, for 
instance, trustworthy AI does not address the question of realized intended outcomes of AI use cases. Also, 
not all of these provide concrete questions for an assessment, and the EIA in particular is designed as a 
self-assessment to be conducted before the AI system is running. We instead are interested in impacts of 
running systems and assessments conducted by or at least with external third parties. ​
Another important strand of literature is international standards, such as the ISO/IEC standard 42005 on 
AI System Impact Assessments (ISO/IEC 42005:2025), ISO 26000 on guidance on Social Responsibility 
(Deutsches Institut für Normung, 2021), or the Global Reporting Initiative (GRI) standards on 
Sustainability Reporting (2024). The latter two do not have a specific AI focus but include important topics 
such as human rights, protection of the environment, or community engagement. However, they 
represent recommendations for action and not formulated assessment questions. The scope of ISO/IEC 
42005:2025 includes, among others, the purpose of the AI system, intended as well as unintended use and 
misuse of the system, and impacts on affected parties. It also covers technical information on the AI system, 
data, or algorithm. These topics overlap with other considered guidelines or assessments and are therefore 
all important and included in our approach. 
Several case studies on assessing the sustainability of AI exist and were informative to our methodological 
approach (Strubell et al., 2019; Luccioni et al., 2024; Luccioni & Hernandez-Garcia, 2023). They mainly 
focus on the environmental dimension of sustainability and are less encompassing with regard to societal 
and economic aspects of sustainable application of AI. The most comprehensive approach to assess the 
sustainability of AI is by Rohde et al. (2024), putting forward 19 assessment criteria for AI systems, 
covering the three sustainability dimensions (this and the aforementioned work were also particularly 
relevant for the development of the technical survey). We integrated the approach by Rohde et al. (2024) 
into our method. Many assessment questions were not always as in-depth or open enough to include 
contextual details, so we adjusted them for our method. Furthermore, the project focused on supervised 
models, while our approach can be applied to any type of ML model. In addition to these AI sustainability 
criteria and indicators, the most relevant sources inspiring the interview questions were the EIA 
(UNESCO, 2023) together with the AI Supply Chain Impact Framework (AI + Planetary Justice Alliance, 
2025) and the Fundamental Rights Impact Assessment (FRIA) template developed by the European Center 
for Not-for-Profit Law and the Danish Institute for Human Rights (2025). The interview questions also 
operationalize existing work on Public Interest AI principles (Züger & Asghari, 2023; Züger et al., 2022). 
 
As with other methods, one important step of any assessment is to gain an accurate understanding of the 
technology in place by requesting documentation (Stahl et al., 2023). In several iterations, we developed 
three comprehensive survey templates, called the AIMS templates, standing for “Artificial Intelligence 
through the lens of Multidimensional Sustainability templates” (State et al., 2026). The documentation 
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stemming from the responses to these templates allows one to understand the AI system, model, and used 
data, and inherent design decisions. The AIMS templates were inspired by work on AI documentation 
such as the model cards framework (Mitchell et al., 2019), the datasheet framework (Gebru et al., 2021), as 
well as the TechOps (Lucaj et al., 2025) framework. The latter are documentation templates for 
compliance with the European AI Act. To develop three separate surveys-which together form the AIMS 
templates-was inspired by Lucaj et al. (2025). The criteria and indicators operationalizing 
multidimensional sustainability developed by Rohde et al. (2024) are reflected in the template. In focus 
here are the technical aspects and details of the AI system. Additionally, there is also a growing body of 
work on how energy use and other aspects of environmental sustainability can be documented for an AI 
model (Fischer et al., 2022; Henderson et al., 2020), which was relevant for the survey questions. The 
AIMS templates at this moment are more comprehensive than any of the approaches we have seen: none of 
the previously existing templates for system documentation cover the full AI system, i.e. the model and the 
dataset, but also hardware structure and the embedding of the AI system. Also, even if the templates cover 
more than only parts of an AI system, they focus only on specific types of impact or on legal compliance. 
 
Our effort to understand projects relative to public interest(s) led us to a stronger focus on the roles of 
different stakeholders, questions around the participation and involvement of affected groups, and how 
design decisions reflect public interest principles. Also, it led us to focus on evaluating both evidence and 
self-reports on impact for the individual AI project’s self-defined societal goal, which, to our knowledge, is 
not included in other methods at this point.  
Integrating a multidimensional understanding of sustainability inspired how the indicators and questions of 
the interviews and the technical survey are clustered and resulted in them being grouped along the three 
dimensions of sustainability.  
 
In parallel, we developed the catalogue of the 25 assessment criteria and associated questions. The 
assessment criteria are aligned with the “Principles for the Ethical Use of Artificial Intelligence in the 
United Nations System” (UN, 2022), which is a list of principles (in line with many other standards) and 
also explanations of what their realization would mean in practice for the UN. We opted for a close 
alignment and operationalization of these UN principles for the UN’s own use of AI, as this framework is 
largely aligned with many other existing value-based frameworks and has an international foundation. 
Also, it is already practice-oriented and includes thoughts on how these principles should be spelled out in 
practice. We extended the catalogue with impact-oriented assessment criteria to more deeply reflect 
aspects of public interest and a multidimensional understanding of sustainability in combination (see Table 
3 below).  

Throughout the development process, there were several (intentionally created) channels from which we 
received feedback that altered and improved the method. Before conducting the first impact assessment, we 
applied the method to a test case which was an AI project based at our institution. This helped improve the 
method regarding interview flow and the understandability of questions. Additionally, we received 
important feedback from our research council2, which had significant influence on the further development 
leading to the second version of the method. The research council consists of eleven members from 

2 https://www.hiig.de/en/impact-ai-project-council/ 
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academia, civil society, and industry and covers different expertise, such as sustainability and AI, human 
rights, technology and law, and transformation research. In particular, based on the council's feedback, we 
have aligned our method more closely with other existing impact assessment methods. Firstly, we have 
incorporated a template for a Fundamental Rights Impact Assessment (FRIA) developed by the European 
Center for Not-for-Profit Law and the Danish Institute for Human Rights (2025). We have adopted a 
FRIA triage-a shorter version based on this template-which helps to operationalize the question of potential 
harmfulness of the AI system and indicates whether a full FRIA may be indicated. Secondly, we have 
complemented and refined our questions related to data protection to better understand and assess potential 
issues around the collection and processing of personal data within the AI system. To do so, we drew on 
existing work and aligned questions with a manual on Data Protection Impact Assessments (DPIA) (Martin 
et al., 2020); however, we do not provide a full DPIA.  

We also learned from the first practical applications of the method to AI use cases. The main iteration from 
that experience was to design and include the technical survey, based on the AIMS Templates, in the data 
collection approach of the method. In a first application, the method still contained two semi-structured 
technical interviews, which were adapted to the technical survey with three sub-surveys in the current 
second version. This more structured approach to technical documentation of the system has several 
advantages: first, it gives the project owners of the AI use case more flexibility to choose a particular time to 
fill out the surveys. Secondly, it allows interviewed parties to look up numbers and answers they do not 
know by heart about their system, which is harder in a verbal interview setting. Thirdly, the 
documentation produced is more comprehensible and structured, and finally, it also allows the project 
owners of a use case to further use this documentation internally, as the survey can be sent back to them as a 
CSV file.  

While the method so far has been applied in four different case studies, we will further iterate the method 
design. We chose this iterative approach to be able to learn from practical application barriers and also be 
able to adapt the method based on interdisciplinary feedback. 
 
In the next chapter, we will introduce the methodological approach and how it is applied in practice in 
more detail.   

5 METHODOLOGICAL APPROACH AND OVERVIEW OF THE IMPACT AI METHOD MODULES 

The Impact AI Method is a modular interdisciplinary mixed-method approach designed for external, 
ex-post impact assessments of running AI use cases, containing a technical survey and several empirical 
qualitative interviews, and their analysis and evaluation. While other impact assessments, for good reasons, 
argue that AI systems should be assessed before they are in use in order to foresee and prevent future 
damage (e.g. UNESCO’s ethical impact assessment (2023)), our method is particularly designed to collect 
and reflect evidence of AI systems in use. With this approach, actual impacts in practice are assessed, while 
still allowing for corrections and improvements to the system, or, in a worst-case scenario, even the 
recommendation to overthink its implementation overall.  

The current version of the Impact AI Method consists of 1) a preparation phase, 2) a technical survey based 
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on the AIMS templates covering the AI system, the model, and the dataset, 3) a semi-structured technical 
interview, followed by 4) three semi-structured “organizational” interviews, and additionally (tailored to 
each use case) 5) external impact interviews. After these steps in the data collection process, the final steps 
are 6) data analysis and 7) the assessment based on the 25 assessment criteria. An overview of these seven 
steps is given in the figure below:  

 

Fig. 1: The seven steps of the Impact AI Method.  

5.1 The preparation phase 

For the selection of AI use cases for our impact assessment, having a “pre-conversation” with the AI project 
owners proved very useful. This first exchange provides the opportunity to gather an initial understanding 
of the workings of the respective project teams and implementation of AI systems (while it is an open 
exchange, we have developed a “pre-questionnaire” which covers the most important topics to be clarified 
in this first conversation. The pre-questionnaire can be found here). It also enabled us to decide whether the 
project was suitable for the impact assessment. There were cases where AI projects proved unsuitable for the 
assessment as they were not yet in practice or it was clear that the project would end soon. In combination 
with this unrecorded first conversation, we conducted desk research on publicly available information on 
the AI use case. Common sources are the project website, project reports, research papers, news articles, and 
social media channels. These sources are included in our data analysis and help complement and validate the 
self-reported interview data from the projects. Since not all information is available through publicly 
accessible sources, we also directly request a list of documents from project owners. This includes, among 
others, detailed funding information, information on existing audits, risk or impact assessments (e.g. DPIA 
or FRIA), and project reports. We also request the technical documentation of the AI models and datasets. 
Additionally, prior to field research, we arrange briefing interviews with independent experts in the 
respective application domain, providing us with relevant contextual knowledge that helps us to better 
contextualize the specific AI use case. For instance, in a case researching an assistive AI tool for fact 
checkers, we consulted with an experienced researcher with domain knowledge on automation of 
fact-checking. Based on this information, as well as that provided by project owners and from our desk 
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research, we then tailor the interview guides for the impact assessment interviews to the specific AI project. 
Certain questions may be unsuitable for the case, while others may be particularly important or even 
require further exploration. Additionally, new project-specific questions may be added, e.g. on a specific 
aspect of the application domain, relevant to our assessment criteria. 

5.2 The technical survey 

The technical survey is based on the AIMS-templates, which contain three surveys, covering the AI system, 
the model, and the dataset individually (State et al., 2026). The technical survey is sent to the technical lead 
of the assessed project via email, to be filled in at any time within a certain agreed-upon period. ​
The modularization of the survey into three sub-surveys allows filling the survey also for complex AI 
systems (i.e. systems containing several models and datasets). Next to general information about the AI 
system, embedding, and hardware, it covers the following sustainability indicators: transparency, 
non-discrimination, privacy, and safety and security under social sustainability; complexity, energy use, and 
emissions, as well as resources under environmental sustainability; and model sharing, which includes 
model use and compatibility, under economic sustainability (an overview of all indicators within the 
template can be found in the appendix; the complete survey templates can be found here). 

5.3 The technical follow-up interview 

Based on the completed technical survey, we can prepare the follow-up technical interview with the 
technical lead of the AI use case. The goal of this interview is to ask clarifying questions regarding the 
information given in the survey or to address any questions that remained unanswered in the survey. 
Additionally, it contains some more in-depth questions in case the AI project uses an LLM or processes 
personal data. Overall, the follow-up technical interview is highly case-specific and closely tailored to the 
answers provided in the survey. The overall goal of the technical survey and this interview is to receive (at 
best) a full understanding of the AI system’s architecture, used models and data, as well as hardware 
structure and the embedding of the AI system. A further goal is to be able to identify potentially critical 
aspects within this architecture and to understand potential risks of the use of the AI system (e.g. in regard 
to privacy or non-discrimination) and how they are technically mitigated (the interview guide for the 
technical follow-up interview can be found here).  

5.4 The organizational interviews 

We developed three questionnaires for interviews with the organizational lead of the AI project, overall 
consisting of around 95 to 128 questions (depending on how many follow-up questions are tailored to a use 
case): 1) the AI project impact and governance interview, 2) the AI project sustainability interview and 3) 
the AI project risk and mitigation interview. All interviews follow a semi-structured interview approach 
(Tisdell et al., 2025). Each interview guide is structured around a specific set of topics that summarize 
several indicators. Indicators themselves come with one or more interview questions, which we formulated 
to operationalize the indicator in question (the complete impact assessment methodology materials, 
including the interview guides, can be accessed here). At the same time, the semi-structured approach 
allows openness and flexibility to respond to the interviewees’ answers and to address additional topics that 
emerge during the interview.   
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5.4.1 AI project impact and governance interview 

The first interview focuses on the AI project’s organization, impacts, and governance and includes 
reflections on the design choices of the AI system (“What were relevant decisions about the architecture of your 
system (e.g., the languages in which the system works, the design of the interface?)”) and the decision processes 
behind these (“Based on which arguments did you make these decisions and what was the decision-making process 
(e.g., stakeholder involvement)?”). The interview also addresses the organizational goals and outcomes of the 
AI project, in particular the purpose of deploying the AI system. Also, questions regarding the participatory 
quality of the project and its orientation towards public interests are integrated. Further, we ask questions 
about impact achievements and outcomes for different impacted stakeholders, as well as respective evidence 
(e.g. “What impacts (meaning outcomes and outputs) for each of these stakeholder groups do you see and which 
evidence can you provide for each?”) and potential harms. The interview also covers the necessity, 
proportionality, and alternatives of AI usage, and questions on the responsibility, accountability, and 
governance of the AI system are part of this interview. Table 1 displays the topics and indicators covered in 
this interview. ​
In our experience, both this interview and the AI project sustainability interview each require up to two 
hours. In some cases, a little more time was needed to clarify all relevant questions sufficiently.  
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Topic Indicator 

Organizational goals and outcomes of the project Background AI system 

 Decision process behind the AI system 

 Goal and vision 

 Connection to public interest 

 Connection to sustainability 

 Purpose of AI system 

 Outcomes 

 Outputs 

Impact achievements and evidence Impact achievements 

 Stakeholder outcomes 

 Strategy and obstacles 

 Trade-offs in goals and impact 

 Manifestations of good working conditions 

 Relevance of impact achievements 

Do no harm Potential harms 

 Harm management  
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5.4.2 AI project sustainability interview 

The second interview focuses on the three sustainability dimensions. When addressing social sustainability, 
we ask questions on human autonomy and oversight of the AI system, fairness and non-discrimination, 
transparency and explainability of the AI system, as well as questions on inclusion and participation of 
stakeholders (e.g. “How much did stakeholder input influence project development and outcomes? Can you give an 
example of how your work was influenced by the perspective of affected stakeholders?”). We cover environmental 
sustainability by asking questions on the environmental impact, in particular reflections on the impact in 
this regard (e.g. “How do you see the environmental impact of AI systems in general and how do you reflect on 
your own system's impact in this regard?” and “Did your reflection lead to any type of action or change in your 
infrastructure decision?”). Lastly, the part on economic sustainability includes questions on re-use and sharing 
of AI models and datasets, collaborations, and future perspectives of the AI project (e.g. “What is your plan to 
keep the project available for the next 3-5 years? Please elaborate on concrete measures to maintain the project.”). 
Table 2 displays the topics and indicators covered in this interview. 
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 Purpose shift 

 Safety and security 

Necessity and proportionality Proportionality of AI usage and role of AI 

Responsibility, accountability and governance Accountability 

 Liability 

Table 1: Overview of topics and indicators covered in the AI project impact and governance interview. 

Topic Indicator 

Social sustainability  

Human autonomy and oversight Human oversight 

 Self-determined use 

 AI literacy 

Fairness and non-discrimination Sovereignty and power relations 

 Accessibility 

Transparency and explainability Transparency 

Inclusion and participation Intervention and participation 

 Stakeholders and co-design 

 Diversity 

Environmental sustainability  
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5.4.3 AI project risk and mitigation interview 

To assess potential negative impacts of AI systems, in particular impacts on fundamental rights, we have 
integrated a FRIA triage–a shorter version of a FRIA. 

FRIA uses a scenario-based approach. Similar to this, we develop potential harm scenarios and outline 
potential fundamental rights risks that the AI project could cause, the severity and likelihood of the right 
violation, and possible prevention or mitigation measures. So far, we have done this in exchange with 
experts from the Center for Not-for-Profit Law.​
The third interview covers the main part of the FRIA triage as the developed risk scenarios are addressed 
and discussed with the organizational lead of the AI project. We also inquire about the severity and 
likelihood of the rights violation and existing measures for prevention or mitigation (a FRIA triage template 
for scenario development can be found here). This, in turn, serves public interests by reflecting and 
understanding mitigation strategies for such harms appropriately. The exercise constitutes an important 
approach to handle potential harms of AI systems (Kieslich et al., 2026). 

5.5 External impact interviews 

To better understand intended as well as unintended effects on stakeholders and to determine whether these 
are positive or negative or if there are no effects at all, we seek to conduct interviews with either users of 
the relevant AI tool, other affected stakeholders, or experts who research user experience. These interviews 
are crucial, as they complement the findings from the interviews with the AI project and the self-reported 
data. The impact interviews are more openly designed and follow an individually prepared semi-structured 
interview guideline, tailored to the most relevant questions we would like to validate in regard to the 
impacts communicated to us by the core team of the running use case. Some examples of impact-oriented 
questions for this semi-structured interview are (interview guidelines for the external impact interview can 
be found here): On the integration and onboarding process of the AI system: What did the integration process 
of the AI system look like, in particular, was there extensive training in regard to 1) potential risks and biases of the 
AI system or 2) the limitations of the AI system? On the impacts, outcomes, and effects of the AI system: How 
did the AI system affect you/ your working routines? How did you benefit from using the AI system? On general 
feedback about the AI system: Would you use the AI system again or recommend it to others? 
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Environmental sustainability Reflections on environmental impact 

Economic sustainability 

Financial situation Investment and maintenance costs for AI project 

Openness and networks Re-use and sharing 

 Collaboration 

Strategic outlook Future perspective of AI project 

Table 2: Overview of topics and indicators covered in the AI project sustainability interview. 
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5.6 Data analysis 

The collected data, including interview transcripts and documents, is analyzed using the software MaxQDA 
and following a qualitative content analysis. The assessment criteria (see Table 3) form the code framework, 
i.e. the categories used to label the interviews in order to systematically analyze the data. 
Using an extractive and structured approach (Gläser & Laudel, 2010; Kuckartz, 2018), we can supplement 
these deductive codes by inductive codes emerging in the course of the analysis. The combination of such a 
systematic examination and openness to emerging codes ensures a comprehensive understanding of the 
impact of AI projects on sustainability and public interest at various levels. 

5.7 Normative assessment 

Our method also includes assessment criteria to further assess the results of the interviews and the survey in 
a next step. The results of these assessments are outlined and discussed in an impact assessment report, 
which includes a detailed account of our findings and recommendations for potential improvements for the 
AI project. 

The objective of such an assessment along predefined criteria is twofold. First, it provides a learning 
experience for project owners, highlighting aspects within the organization and the AI system where 
improvements can be made or where performance is already strong. Second, the results of the assessment 
facilitate knowledge transfer to civil society and other sectors such as public administration, as they are 
presented in a clear and accessible way. 

As already mentioned, the basis for the assessment criteria is “Principles for the Ethical Use of Artificial 
Intelligence in the United Nations System” (UN, 2022), which we extended with some criteria focusing on 
aspects of public interest and the three dimensions of sustainability. The criteria are aligned with five 
thematic clusters: impact, governance, social, environmental and economic sustainability (see Table 3, 
below).  

We define the first criterion as a meta-level criterion, as its evaluation brings together several other criteria 
and gives answers to the research question: Implications for people, society and the planet. In addition to this 
meta-level criterion, three further criteria assess the impact of AI systems: the presence of clear Objectives 
and their realisation and whether they follow a coherent impact logic, evidence of Impact achievements, and 
the Relevance of impact achievements for the societal issue addressed. We further evaluate Potential harms and 
mitigation, and Risk and harm management. As aspects of public interest-oriented governance in the 
respective cluster, we assess Necessity and proportionality of AI usage, Accountability, Decision processes and 
design, and Inclusion, participation, and co-design. The social sustainability cluster includes IT Security, 
Sovereignty and power relations, Accessibility, and Non-discrimination, as well as Data protection, Human 
oversight, Self-determined use, and AI literacy. Regarding transparency, we assess the AI project’s Openness for 
validation and contestation, Technical explainability, and User transparency. The environmental sustainability 
cluster covers the criteria Complexity, energy and emissions, and considerations about the use of Natural 
resources. Finally, we assess the existence of Model and dataset sharing and Future perspective and collaboration in 
the economic sustainability cluster.  
 
For the assessment of the AI projects, for each of the 25 assessment criteria, we have developed an associated 
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assessment question. The data collection process we propose, including all its steps, including potential 
external impact interviews, should deliver the relevant information to answer the assessment questions. 
However, depending on the complexity of the use case, the openness of the respective interview partners, 
as well as the presence of additional evidence for this information, information can also be only partial, and 
assessment confidence can be low (which we then indicated). Each assessment question is also paired with 
one or more questions in the qualitative interview questionnaire or the technical survey, to make clear 
which statements the specific assessment question depends on (the complete catalogue of the assessment 
criteria and corresponding assessment questions can be found here). To facilitate answering the assessment 
questions and form a final judgment of each assessment criterion, we design and formulate additional helper 
questions. They support answering the assessment questions because they break down the assessment 
criteria into several aspects that are relevant for the final assessment. In this sense, they also help to maintain 
an overview of all relevant aspects for the specific assessment criteria and contribute to an objective and 
reproducible assessment. 
 
The meta-level criterion is assessed qualitatively, and the assessment is written only. To answer the 
assessment question, the other 24 criteria are rated on a scale with the following five ratings: insufficient, 
weak, ambivalent, satisfactory, and exemplary. 
 

Cluster Assessment criteria Corresponding assessment question 

Meta-level Implications for people, society 
and the planet  

Which implications does the AI use case have for people, 
society and the planet? Does the overall impact of the AI 
project justify the claim to support public interest and/or 
sustainability? 

Impact Objectives and Realisation Can goals, outcomes and outputs of the AI project be defined 
clearly and plausibly following a clear impact logic?  
 

Impact Impact achievements Is there convincing evidence supporting the claim that the 
project has achieved envisioned outcomes?  

Impact Relevance of impact 
achievements 

Are these outcomes relevant achievements in the given 
targeted problem area?  

Impact Potential harm and mitigation Does the AI system in any way potentially cause or exacerbate 
harm, whether individual or collective, and including harm to 
social, cultural, economic, natural, and political environments 
and how is this harm prevented or mitigated? 

Impact Risk and harm management Are there appropriate procedures to assess and monitor 
potential harms? 

Governance Necessity and proportionality  Is the use of an AI system, including the specific AI method(s) 
deployed, justified, necessary and proportionate in the given 
context and does it not exceed what is necessary and 
proportionate to achieve envisioned outcomes? 

Governance Accountability Are there clear roles of responsibilities to ensure 
accountability for the AI system, its impacts and liabilities? 
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Governance Decision processes and design Is the design and decision-making process for the AI system 
reflecting principles of public interest and sustainability? 

Governance Inclusion, participation and 
co-design 

When designing, deploying and using AI systems, does the 
project take an inclusive, interdisciplinary and participatory 
approach?  

Social 
sustainability 

IT security Are there organizational responsibilities and measures to 
identify, address and mitigate IT security risks throughout the 
AI system lifecycle to prevent where possible, and/or limit any 
potential or actual harm? 

Social 
sustainability 

Sovereignty and power relations Does the project contribute to shifting power in a democratic 
way (e.g. to civil society or marginalized groups) and support 
inclusive use and equal distribution of benefits and harms of 
the AI system? 

Social 
sustainability 

Accessibility Does the project convincingly describe efforts or create 
measures to create accessibility? 

Social 
sustainability 

Non-discrimination Does the project take appropriate measures to prevent bias, 
discrimination and stigmatization of any kind, in alignment 
with fundamental rights? 

Social 
sustainability 

Data Protection  Are the rights of data subjects respected, protected and 
promoted throughout the lifecycle of the AI system according 
to applicable laws?  

Social 
sustainability 

Human oversight Does the design of the system ensure human oversight and 
human capability to oversee the overall activity of the AI 
system? 

Social 
sustainability 

Self-determined use Do users make a self-determined choice when and how to use 
the system?  

Social 
sustainability 

AI literacy Does the project describe efforts or concrete measures to 
improve AI literacy of people directly or indirectly impacted by 
the AI system? 

Social 
sustainability 

Open for validation and 
contestation 

Does the project provide sufficient transparency and openness 
for evaluation? 

Social 
sustainability 

Technical explainability Is technical explainability ensured, meaning that outputs by an 
AI system can be understood and traced by human beings?   

Social 
sustainability 

User transparency  Is there public information about the AI system that is 
understandable to the user of this system? 
 
Are individuals meaningfully informed about the AI system 
that they use, when a decision is informed by or made based 
on AI algorithms? 

Environmental 
sustainability 

Complexity, energy and 
emissions 

Does the project sufficiently consider the complexity, energy 
and emissions of the AI system, including, but not limited to, 
measures to reduce these? 
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Environmental 
sustainability 

Hardware sustainability Does the project sufficiently consider the resource use and 
sustainability of their hardware? 

Economic 
sustainability 

Model and dataset sharing Are the model and the dataset publicly shared, or are there 
good reasons not to share them, and did the project take 
measures to make it easy to use them? 

Economic 
sustainability 

Future perspective and 
collaboration  
 

Are there efforts to establish collaboration and to sustain the 
project and the fulfilment of its objectives in the future? 

Table 3: Overview of the 25 assessment criteria and their corresponding assessment questions, organised by cluster.  

6 DISCUSSION 

Applying our method to use cases in an early stage of its development was a helpful process to understand 
its strengths and weaknesses. We describe the most important learnings for improvements as well as open 
challenges for further development of the method. 
First of all, our method produced valuable insights, which would not have been possible without the 
collaboration of the use cases and the data access we gained through documents, surveys, and the 
interviews. From our existing research, we derive several positive signs of the method’s value. 
 
We have derived comprehensive assessment results for all criteria based on our method. With the data 
gained from the interviews, assessment of all defined criteria was possible. Sometimes, however, this was 
possible with varying degrees of certainty, as some insights finally rely on self-descriptions of the project 
and cannot be conclusively validated (e.g. IT security processes or results from data protection risk 
assessments). The approach developed for data collection, analysis and assessment of the Impact AI Method 
enabled us to generate assessment results for the AI use case across various relevant topics. We regard the 
fact that we are able to derive meaningful assessments for each criterion-across a broad spectrum of 
topics-as proof that our method works in practice, while acknowledging that impact assessments, as always, 
capture two things: 1) the status quo of a system and do not allow findings over time, capturing the 
dynamic changes of a specific system. And 2) an interpretation of certain criteria (e.g. such a highly political 
concept as serving the public interest), which can to some extent be contested.  
Further, the holistic assessment allowed us to provide meaningful feedback to improve the assessed AI 
case and organization. As we take a wide range of indicators into account-rather than focusing on a 
single thematic area-it enables us to assess the AI use case in many respects and identify areas for 
improvement with actionable recommendations for change.  
The assessed AI projects communicated that the feedback we delivered was helpful and instructive. 
As one of our objectives is to create a learning experience for project owners, highlighting aspects within 
the organization and the AI system where improvements can be made or where performance is already 
strong, we communicate this feedback to the assessed AI use cases as part of the overall assessment process. 
We view the projects’ positive response to the feedback as a sign of the value of our method.  
In this regard, there have been requests for both the future use of the impact assessment reports and the 
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Impact AI Method itself for internal use by the assessed AI use cases. We see this interest in the method 
modules (e.g. the interview questions and assessment) as another sign of the method’s value, not only in 
terms of its successful practical application but also in terms of the significance of the results to support 
internal reflection processes in a self-assessment. 
As part of a collaboration with an international organization working in the field of sustainable 
development, we are testing the Impact AI Method for internal use to understand how it could support 
internal project development processes. This collaboration, which was proposed to us by this organisation 
itself, is another indicator of the practical usefulness and insightfulness of the results the method produces. 
We intend to develop more similar collaborations to apply the method in a programmatic manner and learn 
from these applications in organizational practices.  
Finally, the results the method produces contribute to the research of so-called AI for good applications 
and the ongoing scholarly debate about societal impacts of AI.  
Further, the in-depth case studies the method produces allow us to formulate several hypotheses for further 
research in this field: Firstly, we noticed from all case studies that user feedback is not always sufficiently 
integrated in the development flow of AI applications, even if specific societal impacts are the goal. We did, 
however, find that these external impact perspectives are meaningful for understanding the actual impacts 
and, in some cases, differ from the project owners’ own impressions of their impact. Secondly, we can 
confirm from our case studies that a FRIA assessment is a very important cornerstone to reflect potential 
harms and improve mitigation strategies. Thirdly, all cases underlined the crucial importance of human 
roles (for oversight and accountability) which go far beyond any human-in-the-loop constellations. 
Instead, the practices embedding the AI system rather showed the incremental role of AI systems. While we 
could find how AI systems supported humans in specific tasks, human work, intentionality, and 
responsibility remained key to the actual impacts.   
A productive tension stemming from the combination of public interest and sustainability, which enriched 
our findings, can be captured under the term ‘global justice’. It addresses the issue of distribution of benefits 
from AI systems. In our view, this tension exemplifies a very relevant dilemma to the use of AI for good in 
general. Some of the assessed AI use cases relied to various degrees on LLMs from Big Tech (e.g. Google’s 
Gemini or OpenAI’s GPT models). While the production details of LLMs are nowhere near transparent, 
research and reporting have created awareness around the exploitative working conditions of data workers 
who were most likely essential to the production of both models (Miceli et al., 2024; Aapti Institute, 2026). 
The ambition to reflect the AI project’s connection to public interest led us to the difficult moral question: 
Can an AI project be in the public interest and support sustainability if it is benefiting one public, while 
simultaneously hurting the rights of others (as data workers or affected communities from resource 
extraction in this scenario)? This question surfaces a recurring question around concepts of public interest: 
What is the scope of ‘the public’ concerned? Are we limiting our argument to the interest of a nation or 
global region, or do we need to consider the potentially harmful effects for other communities and regions 
as well? Sustainability, on the other hand, starts from a global perspective and thereby makes the evident 
argument that human rights and the rights of workers and the sustainable use of resources in global 
contexts are equally important in a consideration of positive or negative impacts. While this moral dilemma 
persists, the AI project's reflection of this issue was documented, and recommendations include the 
avoidance of such dilemmas and also the reliance on models of companies, which clearly prioritize profit 
maximization instead of public interests and sustainability. Despite the fact that they cannot change the 
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practices of big tech companies, we found these reflections relevant, as AI projects do, to some extent, have 
a moral obligation to reflect underlying conditions for their decision to use an AI system.​
 
We also want to address the limitations when applying our method and explain how we handled them. 
For the selection of use cases, we are dealing with a strong selection bias, since projects need to agree to be 
assessed and be open to providing data for the documentation and interviews. This leads to the likely result 
of ethically or societally critical use cases not agreeing to be assessed, which is our supposition for some of 
the cases we reached out to but got a negative response for participation. Such projects might try to avoid 
public knowledge about details, problems, or even failures of their project, which would produce bad 
publicity and might affect future funding of their organization. Further, the cases we assessed do not 
include obvious and severe fundamental rights harms. This selection bias could lead to wrong assumptions 
about the field of AI for good projects, if it is assumed that we are assessing ‘an average AI for good project’. 
However, we are well aware that the cases which do cooperate are probably closer to best practices than 
worst-case scenarios. Nevertheless, we did find issues that required deeper reflection and feedback, also in 
regard to potential fundamental rights impacts, even in these rather ‘good’ and low-risk cases, which 
illustrates the method’s value. Finally, we are convinced that–even if our selection is limited–our results 
hold value for societal reflection and contribute evidence on the impacts of AI, as for now, the same level of 
depth in similar case studies is rare.​
Another limitation results from self-reporting as a source for the assessment. While we put emphasis on 
including additional media reports, documentation, existing research, and interviews with external users or 
experts, many of our assessments still rely on self-descriptions of projects, which might be another source of 
bias. This limitation must be put into perspective, as without self-reported data, access to information and 
quality of an assessment would be even more limited. We make self-reporting transparent in our assessment 
and are cautious of its potential for distortion.​
 
AI systems are never stand-alone products and only gain meaning within the socio-technical contexts in 
which they are embedded. The analysis and assessment of the impacts presented difficulty in clearly 
distinguishing between those impacts that stemmed from the AI system alone and those from the work of 
the project or even the organization overall. We also noticed that while our questions targeted the AI 
systems, answers often referred to overall experiences, efforts, or impacts of the project. On the one hand, 
we view this acknowledgment as a positive sign, as we believe that AI systems only function within their 
socio-technical environment, and that the long-term impact of AI—whether intended, unintended, 
positive or negative—only becomes apparent through interaction with the contexts they are embedded in. 
On the other hand, in our analysis we always tried to circle back and narrow our assessment to the direct 
effects of the AI system specifically. These outcomes can be smaller in scale, more immediate, and more 
incremental. While these outcomes are no less important than achieving long-term objectives, we found 
that they are less explicitly documented by the assessed use cases. To exemplify this: when assessing an 
assistive AI tool for fact checkers, we were interested in, on one hand, whether the project would achieve 
the envisioned outcome and impact (in this case, the aim was to contribute to better information and 
reduce misinformation or potentially harmful content). On the other hand, we were also interested in 
understanding the direct effect that using the AI tool would have on the user (in this case, the 
fact-checker). For example, we wanted to know how many working hours would be saved by using the 
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tool and how work processes would change. However, this was not assessed or reported specifically by the 
organisation.  

With this reflection on the contributions and limitations of our methodological approach, we want to 
conclude and provide an outlook on how we plan to further develop and apply it.  

7 CONCLUSION AND OUTLOOK 

The core contribution of this paper is the detailed overview of the Impact AI Method, a structured and 
replicable approach for an impact assessment of individual running AI use cases aiming for a holistic 
assessment of implications for people, society and the planet.  
While we have already iterated the methodology extensively, we foresee further iterations as a result of 
lessons in application. We hope to create societal impact by giving feedback to AI projects, providing 
evidence to the public, and bringing more nuanced findings on AI’s impact for societal goals to academic 
and public debates. Overall, we hope to support a more informed, appropriate, and well-reflected 
embedding–or informed rejection–of the use of AI for societal goals and just sustainable development.  
We see the assessment of impacts in regard to all dimensions of sustainability in depth as a contribution to 
not only wider transparency of the AI projects we research, but also as a good example for future legal or 
voluntary requirements, such as a report by the OECD on Measuring the environmental impacts of artificial 
intelligence, compute and applications proposed, where these impacts are framed as indirect impacts of AI 
(OECD, 2022). While we briefly mention the application of our approach, the analysis of our findings from 
the empirical assessments is beyond the scope of this paper and will be the focus of forthcoming 
publications. The method is first of all designed for researchers, but we aim to expand collaboration with 
other stakeholders such as NGOs and public bodies who develop and use AI, journalists, and also project 
owners of AI for good projects themselves. We work extensively to implement our method beyond the 
scope of this research project and make it available to stakeholders beyond academia. To this end, we 
actively share our method with other stakeholders in order to bring it into practice (the Impact AI Method 
is available here).  
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Overview of the AI system template 

Topic Indicator 

Description and development  Description 

 Main development steps  

Embedding Description 

 Technical aspects 

 Additional data collection 

Hardware Description 

 Updates 

Social sustainability 

Transparency Documentation 

 Audit trails and other logs 

Safety and security Evaluation 

 Mitigation measures 

Environmental sustainability 

Complexity, energy use and emissions Usage information 

Natural resources Decommissioning plans 

 Certificates 

Overview of the AI model template 

Topic Indicator 

Date and version Date and version 

Description and details Type of model 

 Architecture 

 Task of model 

 Data 

 Languages and libraries 

Training Details model training 

 Retraining  
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Performance Metrics and benchmarks 

 Factors 

 Uncertainty and variability 

Social sustainability 

Transparency Interpretability 

 Explainability methods 

Non-discrimination Evaluation (fairness metrics) 

 Methods for model debiasing 

Privacy Evaluation 

 Measures to improve privacy 

Environmental sustainability 

Complexity, energy use and emissions Complexity measures 

 Tracking or estimation of emissions 

 Measures to reduce complexity 

Economic sustainability 

Sharing Public availability 

 Citation and license 

 Contact person and maintaining  

Usage Use, incl. out-of-scope use 

Compatibility Compatibility 

Additional harm 

Harms Additional harms and mitigation 

Overview of the dataset template 

Topic Indicator 

Collection General aspects and sampling 

 Labeling 

 Timeframe 

 Purpose 

Description Data modality 
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 Description features 

 Meaning of instances 

 Label / target 

 Size 

 Relations and external sources 

 Missing information, errors, confidentiality or 
offensiveness 

Processing Preprocessing 

 Splits 

Maintenance Updates 

 Storage 

Social sustainability 

Non-discrimination Representativeness 

 Methods for rebalancing 

 Sensitive features or proxies 

 Measures 

Privacy Evaluation 

 Measures 

Environmental sustainability 

Complexity, energy use and emissions Complexity measures 

 Reduction of complexity 

Economic sustainability 

Sharing Public availability 

 Citation and license 

 Contact person and maintaining 

Usage Use, incl. Unwanted use 

Compatibility Compatibility 

Additional harm 

Harms Additional harms and mitigation 
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Table 4: Overview of topics and indicators covered in three templates (on the AI system, the AI model and dataset) 
constituting the technical survey. 
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