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Abstract. A lack of environmental sustainability poses threats to businesses and 

society. Artificial intelligence has been recognised as a promising enabler of sus-

tainability through mitigation and adaptation efforts. While AI systems for envi-

ronmental sustainability have been developed for specific contexts, and initial 

research has explored the broader field of AI for sustainability, there is a need to 

structure these initial approaches using a taxonomy. After conducting five itera-

tions based on scientific literature and real-world examples, our multi-layer tax-

onomy comprises nine dimensions organised across the layers context, AI setup, 

and usage. We demonstrate the utility of our taxonomy by categorising the offer-

ings of exemplary companies. By enhancing descriptive knowledge of AI for en-

vironmental sustainability, our taxonomy is a step towards a theory for analysing, 

enabling researchers and practitioners to holistically understand AI systems for 

environmental sustainability. 

Keywords: Artificial Intelligence, AI for Sustainability, Environmental Sustain-

ability, Green IS, Taxonomy 

1 Introduction 

As the global climate crisis intensifies, humanity needs to take immediate action to 

counteract and mitigate environmental degradation (IPCC, 2023). However, sustaina-

bility efforts often face significant challenges, such as delayed benefits, high-cost in-

vestments without immediate economic returns, and difficulties in measuring long-term 

impacts. Therefore, we need innovative solutions that tackle these challenges and ena-

ble environmental sustainability. Technological advancements play a crucial role in de-

veloping scalable solutions, with artificial intelligence (AI) emerging as a key enabler. 

AI has the potential to revolutionise environmental sustainability efforts by offering 

data-driven insights, optimising resource use, and enhancing decision-making (e.g., 

Nishant et al., 2020; Schoormann et al., 2023). A striking example is the protection of 

the Great Barrier Reef. Researchers integrated various data sources such as underwater 



videos, satellite images, and marine sensors into an AI-powered monitoring system to 

detect coral bleaching and optimise conservation strategies (Chowdhury et al., 2024). 

AI’s role in environmental sustainability has attracted growing scholarly attention in 

recent years. Research has explored the role of AI in achieving the UN’s Sustainable 

Development Goals (SDGs), with studies assessing its impact across all 17 SDGs and 

generally concluding that AI systems contribute positively to their attainment 

(Bankhwal et al., 2024; Chaudhary, 2023; Vinuesa et al., 2020). The literature on AI 

applications for environmental sustainability already encompasses various AI models 

(Kar et al., 2022) and domains like energy, water, biodiversity, transportation, agricul-

ture, and climate change mitigation (e.g., Berger et al., 2024; Nishant et al., 2020; Rai-

han et al., 2024). For instance, AI predicts residential heating energy performance 

(Wenninger & Wiethe, 2021), optimises carsharing incentives for sustainable transpor-

tation (Herrenkind et al., 2019), and tackles air pollution (Q. Zhu et al., 2018).  

This paper’s focus on environmental sustainability relates to the digital sustainability 

dilemma (e.g., Zimmer et al., 2024; Veit & Thatcher, 2023). Digital technologies can 

both advance and harm environmental sustainability, as their deployment often gener-

ates negative impacts, leading to rebound effects (Nishant et al., 2020; Veit & Thatcher, 

2023). Addressing the dilemma requires simultaneously considering Green Information 

Technology (IT), which reduces the environmental footprint of IT infrastructure, and 

Green IS, which leverages digital technologies to promote sustainable practices (Zim-

mer et al., 2024). Both concepts have a clear focus on enhancing environmental sus-

tainability and adhere to the broader concept of digital sustainability (Kotlarsky et al., 

2023), which is defined as “the design, development, configuration, deployment and 

decommissioning of digital resources and artefacts towards improving the environment 

and economic welfare” (Rosati et al., 2024, p. 8). Thus, we recognise that using AI as 

Green IS for environmental sustainability brings new opportunities but also adds com-

plexity to already challenging problems (Berente et al., 2021; Schoormann et al., 2023). 

Given the rapidly growing body of research, efforts have been made to structure the 

field through systematic reviews and research agendas (e.g., Schoormann et al., 2023; 

Nti et al., 2022; Kar et al., 2022; Nishant et al., 2020). However, theoretical develop-

ment remains scarce, and clearer insights are needed to guide policymakers and organ-

isations in aligning AI interventions with sustainability frameworks, such as the SDGs 

(Nishant et al., 2020). This is particularly relevant given the rapid rise of AI-driven 

startups (Weber et al., 2022). While prior research has largely focused on AI’s role in 

social sustainability (Schoormann et al., 2023), further investigation into its environ-

mental applications is needed (e.g., Berger et al., 2024; Bibri et al., 2024). 

Despite its potential, a lack of systematic understanding hinders the effective and 

responsible deployment of AI as Green IS. To enhance transparency, frameworks are 

needed to evaluate the design and the impact of AI systems before their large-scale 

deployment (Bibri et al., 2024; Vinuesa et al., 2020). However, existing research is 

fragmented, hindering overarching insights and future guidance. To synthesise existing 

AI application knowledge as basis for further research, we propose a categorisation 

framework for AI in environmental sustainability. We thus ask: What are dimensions 

and characteristics structuring AI for environmental sustainability? 



To address this research question, we developed a multi-layer taxonomy of AI sys-

tems for environmental sustainability (AIfES), a promising approach for analysing 

novel and unstructured phenomena (Gregor, 2006). By enhancing descriptive 

knowledge and enabling the application to individual AI systems to analyse their envi-

ronmental sustainability characteristics, our taxonomy supports researchers in clarify-

ing the components of AIfES (Kundisch et al., 2022; Nickerson et al., 2013) and inte-

grates insights from IS and non-IS literature as well as startup databases. It contributes 

to the academic discourse by synthesising developments across subtopics such as agri-

culture and energy efficiency, thereby providing a comprehensive overview of the 

emerging AIfES field. In addition, our taxonomy offers practical value to companies 

seeking to design, evaluate, or benchmark AI-based sustainability solutions, and to 

(non-)governmental organisations aiming to identify or promote impactful AI innova-

tions. By providing a structured tool to analyse and categorise AIfES, we support stake-

holders seeking a more systematic understanding. 

2 Theoretical Background 

2.1 Environmental Sustainability and Artificial Intelligence 

Sustainable development is defined as meeting current needs without compromising 

future generations (Brundtland & Khalid, 1987) and can be framed as 'triple bottom 

line' of economic, social, and ecological sustainability (Elkington & Rowlands, 1999). 

The 17 SDGs by the United Nations (2015) operationalise the promotion of peace, 

prosperity, and environmental protection.  

State-of-the-art IS research emphasizes the importance of achieving environmental 

sustainability (e.g., Rosati et al., 2024; Veit & Thatcher, 2023). With organisations 

playing a pivotal role in environmental protection, employing Green IS makes a differ-

ence (Melville, 2010), when diligently combined with Green IT approaches (Zimmer 

et al., 2024). Recently, Green IS research has explored IT-enabled sustainability trans-

formation (Püchel et al., 2024; Xu et al., 2024), digital-sustainable co-transformation 

(Zimmer & Järveläinen, 2022), and twin transformation (Breiter et al., 2024). These 

transformations are enabled by innovative Green IS. 

Acknowledging the current rise of AI, unforeseen possibilities become possible, for 

environmental protection and, thus, for Green IS research. Compared to other IS, state-

of-the-art AI offers three promising benefits: automating repetitive tasks, extracting in-

sights from vast unstructured data, and integrating computing resources to tackle com-

plex problems (Nishant et al., 2020). But, employing AIfES also raises challenges, such 

as an overreliance on historical data in machine learning models, uncertain human be-

havioural responses to AI-based interventions, heightened cybersecurity risks, adverse 

impacts of AI applications (see also the digital sustainability dilemma), and greater dif-

ficulties in measuring effects of intervention strategies (Nishant et al., 2020). Thus, IS 

researchers need to investigate how AI can overcome these challenges and truly help 

environmental protection. The emerging field of ‘Sustainable AI’ advocates for AI 

lifecycle changes to enhance ecological integrity and social justice (van Wynsberghe, 



2021), and encompasses both AI applications for sustainability (‘AI for sustainability’) 

and the sustainable design of AI systems (‘sustainability of AI’). Together, these re-

search streams address the digital sustainability dilemma (Zimmer et al., 2024). AIfES 

can be positioned within ‘AI for sustainability.’ 

2.2 Structuring the Field of Artificial Intelligence for Environmental 

Sustainability 

Previous research explored AI’s potential for environmental sustainability through var-

ious approaches. First and foremost are the (a) IS articles that investigate the use of 

AIfES in specific contexts and serving various purposes (e.g., Herrenkind et al., 2019; 

L. Zhu et al., 2023), which can be understood as contributing to the emerging concept 

of AIfES. Second, there are (b) IS articles reviewing and structuring the broader field 

‘AI for sustainability’ (e.g., Bracarense et al., 2022; Schober & Mattke, 2022). Third, 

there is (c) a vast amount of relevant research from disciplines like ecology or energy 

management, including specific applications and reviews (e.g., Bibri et al., 2024; Nti 

et al., 2022; Raihan et al., 2024). In accordance with Schoormann et al. (2023) and 

Bracarense et al. (2022), we perceive that the IS discipline is lagging in researching 

AIfES, with (a) few articles focusing on specific applications and (b) first endeavours 

undertaking efforts to structure the broader field ‘AI for sustainability’. With our tax-

onomy, we intend to synthesise prior research and add a theoretical element connecting 

(a) and (b). We include (c), as these provide valuable insights for IS research. 

3 Taxonomy Design 

We designed our taxonomy following Nickerson et al. (2013) and Kundisch et al. 

(2022). After defining the problem (see Introduction), we identified target users: Sus-

tainable AI researchers, companies, and (non-)governmental organisations. The taxon-

omy provides an overview of AIfES and enables its users to apply it to AI systems to 

analyse their environmental sustainability characteristics. It thus supports research, AI 

development, and policymaking by highlighting strengths and weaknesses in current 

use of AIfES. The meta-characteristic is the dimensions and characteristics of AIfES. 

Objective ending conditions (OCs) include: “no new dimensions or characteristics were 

added in the last iteration” (OC1), “every dimension is unique and not repeated” (OC2), 

“every characteristic is unique within its dimension” (OC3) and “at least one object is 

classified under every characteristic of every dimension” (OC4) (Nickerson et al., 

2013). For the subjective ending conditions (SCs), we wanted the taxonomy to be con-

cise (SC1), robust (SC2), comprehensive (SC3), extendible (SC4), and explanatory 

(SC5) (Nickerson et al., 2013). Following Jonas et al. (2023), we did not enforce mutual 

exclusivity to retain essential information. Each design iteration had either a concep-

tual-to-empirical or an empirical-to-conceptual approach (Nickerson et al., 2013). The 

former derives dimensions from theory, the latter from real-world samples. We refined 

the taxonomy iteratively, verifying conditions until met. Table 1 provides details.  



 Table 1. Overview of the Taxonomy Design Iterations 

 

# D./C.,

OC/SCs 

not met

Major ChangesExclusion 

Examples

Selection 

Criteria

Sample SizeKey ActivityPurposeIt. #

C2E/ 

E2C

7/38,

OC1

Adding 7 

dimensions 

(“ecological” SDG, 

environmental 

sustainability topic, 

technology, AI par-

adigm, data source, 

data access, end-

user) and 38 

characteristics

AI not in focus 

(e.g., Srivastava 

& Shainesh, 

2015)

(Environmental) 

sustainability not 

in focus (e.g., 

Venkatesan et 

al., 2021)

Article 

focuses on 

AI systems 

AI systems 

have a posi-

tive impact 

on environ-

mental 

sustainability

47 results, 

thereof 

6 relevant 

articles 

1 seminal 

paper added 

due to 

frequent 

citation and 

high relevance

SLR, sources: 

AIS‘ Senior 

Scholars‘ List 

of Premier 

Journals + 

journals in 

AISeL

Search string
1

Young research 

field; starting 

with established 

IS knowledge for 

overview

Journal articles 

used for their 

thorough 

research and 

review

1

C2E

9/51,

OC1

SC2

Replacing dimen-

sion technology 

with AI domain 

Adding 2 dimen-

sions (risk assess-

ment, data sensit-

ivity) and 4 related 

characteristics

Merging and 

adding 9 

characteristics

Use of 

taxonomies to 

classify species 

(e.g., a review of 

old-emerging 

rice diseases 

(Khanal et al., 

2023))

See It. 11,009 results 

(without 

duplicates), 46 

remained for 

full-text 

analysis, 

thereof 31 

relevant 

articles 

SLR, sources: 

Web of 

Science, 

Scopus

Search string
1
, 

“AND taxo-

nomy” added 

for fewer, 

more relevant 

results

Insights from 

only seven IS 

research journal 

articles provide a 

limited insights

Scope expanded 

to include non-IS 

literature sources

2

C2E

9/53,

OC1

SC2

Merging and 

renaming 5 

characteristics

Adding 2 

characteristics

Sea Machines 

Robotics Inc. 

(2024), as the AI 

systems’ focus is 

on economic 

sustainability, 

e.g., by 

employing 

autonomous 

command and 

control on 

workboats

Explorative 

online search 

must yield 

sufficient 

information
4

AI system 

for environ-

mental 

sustainability 

must comply 

with our de-

finition and 

be relevant

30 AI systems 

identified, 

thereof 

20 included

Use of 20 

real-world 

examples, 

sources: 2 

articles from 

AImagazine.c

om (Allan, 

2023) and 

Forbes.com 

(Gow, 2020) 

as most 

compelling 

Google search 

results

Ensure real-

world 

applicability

3

E2C

9/50,

OC1

SC2

Merging 7 

characteristics 

Adding 1 

characteristic

Focus on 

Sustainability of 

AI (e.g., Mucha

et al., 2022)

See It. 1236 results 

(without 

duplicates), 

22 remained 

for full-text 

analysis, 

thereof 11 

relevant 

articles

SLR, source: 

conference 

proceedings in 

AISeL

Search string
1

Capture the latest 

developments in 

IS research via 

conference 

proceedings

4

C2E

9/50NoneBrightest Inc. 

(2024), as the 

AI-enhanced 

software for 

companies 

focuses on social 

impact

See It. 3

Filters:‘smart

city’, ‘envi-

ronmental

sustainabili-

ty’, ‘circular-

ity’, ‘climate 

change’, 

‘biodiversity’

137 AI 

systems 

identified, 

thereof 

20 included

Use of 20 

real-world 

examples, 

source: 

Crunchbase
2

Search string
3
, 

industry filter: 

‘AI’

Ensure and 

validate real-

world 

applicability

5

E2C

1
(“sustainability” OR “environmental” OR “ecological” OR “Green IS” OR “Green IT”) AND (“AI” OR “Artificial 

Intelligence” OR “ML” OR “Machine Learning”), applied to title, abstract, keywords; published in English between 2014 

and 2024; 
2
following Gimpel et al. (2018) and Jonas et al. (2023); 

3
(“environmental sustainability” OR “circular” OR 

“climate change” OR “biodiversity” OR “sustainable smart city”); 
4
Sufficient information is available, when the AI system 

alongside its context, setup, and potential applications are mentioned

It. = Iteration; C2E = Conceptual-to-Empirical; E2C = Empirical-to-Conceptual; SLR = Systematic Literature Review; D./C. 

= Dimensions/Characteristics; OC = Objective Ending Condition; SC = Subjective Ending Condition



4 Multi-layer Taxonomy of AI Systems for Environmental 

Sustainability 

 

This section introduces our multi-layer taxonomy structuring AIfES, as illustrated in 

Table 2. It specifies exclusive and non-exclusive dimensions and their amendments. 

Exclusive dimensions allow for the observation of exactly one characteristic at a time, 

like in the dimension risk assessment, while non-exclusive dimensions permit multiple 

characteristics, like in the dimension end-user. By integrating these layers and dimen-

sions results a comprehensive taxonomy of AI applications in environmental sustaina-

bility. This enables users to analyse, classify, and identify systems. Grouping similar 

dimensions into layers simplifies the understanding of the taxonomy. The context layer 

outlines the sustainability challenges AIfES aim to address, the AI setup layer captures 

the technological foundation and data requirements, and the usage layer highlights po-

tential risks and defines the system’s end users. 

Table 2. Multi-layer Taxonomy of AI Systems for Environmental Sustainability 

 

4.1 The Context Layer 

“Ecological” SDG. This dimension shows, which of the SDGs as defined by United 

Nations (2015) are addressed by implementing and using the AIfES. We only included 

those SDGs that pertain to the ecological aspect of sustainability, using their precise 

names and numbers. We put ecological in quotation marks to signal that these SDGs 

may also cover economic and social sustainability simultaneously (Chaudhary, 2023). 

It.2E/N1CharacteristicsDimensionL.

1N#15 

Life on 

land

#14 

Life below

water

#13 

Climate 

action

#12 

Responsible

consumption

and 

production

#11 

Sustainable

cities and 

commun-

ities

#7 

Affordable

and green

energy

#6 

Clean 

water and 

sanitation

#2 

Zero 

hunger

“Ecological” 

SDG

C
o

n
te

x
t

1 (4)NPollu-

tion

IT & 

IS

Trans-

por-

tation

Re-

new-

able

energy

Climate 

change

mitiga-

tion & 

adap-

tation

Energy 

conser-

vation

Waste

& 

circu-

larity

(Raw) 

mate-

rials

conser-

vation

Biodi-

versity

Water

resour-

ces

Land 

use

Agri-

culture

Environmental 

sustainability

topic

1ESubsymbolicNeurosymbolicSymbolicAI paradigm

A
I 

se
tu

p

1 (2)NPerceptionCommunicationLearningPlanningReasoningAI domain

1 

(2,3,

4)

NArti-

ficially

generated

Operating 

system

Biophysical

environment

Sample 

collection

Digitised

natural

science

collec-

tions

Scientific 

papers

Legal 

documents

Online 

platforms

Open-

source 

data sets

Data source

1 

(2,3)

NInternalAvailable for purchaseAvailable after registrationPublicly availableData access

2ENoYesData sensitivity

2ENot explicitly banned or listed as high riskHigh riskRisk assessment

U
sa

g
e

1 

(2,3)

NPrivately acting

individuals

Scientists in academic

institutions

CompaniesNGOsGovernmentsEnd-user

1 E = Exclusive dimension (one characteristic observable at a time); N = Non-exclusive dimension (potentially multiple characteristics observable 

at a time), 2 Iteration in which the dimension was added (revised); L = Layer; SDG = Sustainable Development Goal; IT = Information 

Technology; IS = Information Systems; NGO = Non-governmental organisation



We followed the categorisation by Vinuesa et al. (2020), further refined by Schoormann 

et al. (2023). SDG #6 Clean water and sanitation was added based on our analysis of 

journal articles (e.g., Nishant et al., 2020; Bracarense et al., 2022; Savarimuthu et al., 

2023). For instance, Bracarense et al. (2022) see a research gap in land, air, and water 

conservation hinting at the importance of maintaining clean waters from an ecological 

perspective. This finding is backed by the autonomous sea cleaning vehicle by Iwrobotx 

(2024) which reduces marine pollution and also benefits #14 Life below water. 

Environmental Sustainability Topic. Ten out of the twelve characteristics of this di-

mension were directly adopted from the conceptualisations elaborated by Nishant et al. 

(2020) and refined iteratively. We added climate change mitigation & adaptation in the 

first iteration, as Bracarense et al. (2022) pointed out the possibilities of AI in this do-

main. In the fourth iteration, IT & IS was added, as Schober and Mattke (2022) high-

lighted the usefulness of AI for more environmentally sustainable soft- and hardware. 

Thereby, our taxonomy includes the sustainability of AI indirectly. These topics detail 

specific areas of AI application and thereby complement the “ecological” SDG dimen-

sion, illustrated in the following through two exemplary SDGs associated with charac-

teristics of this dimension. For instance, both characteristics renewable energy and en-

ergy conservation can serve SDG #7 Affordable and green energy, despite AI being 

applied differently in each case, e.g., by forecasting energy production through renew-

able energy (SparkCognition, 2024) or by steering energy-consuming appliances that 

are not in use (Nokia Corporation, 2024). Further, this allows for combinations. An AI 

that employs computer vision (CV) to spray herbicides precisely on weeds mitigates 

pollution of the soils and groundwater and enables more sustainable agriculture (Blue 

River Technology, 2024) leading to #12 responsible consumption and production. 

4.2 The AI Setup Layer 

AI Paradigm. Even though the dimension and the three characteristics were not ex-

plicitly mentioned in the research included in the first iteration, we opted to add it di-

rectly. The underlying paradigm of an AI system offers valuable insights into its setup, 

with the three established paradigms being beneficial for both research and practice 

(Hitzler et al., 2020; Sheth et al., 2023). Each of the paradigms has distinct methodolo-

gies and capabilities, and understanding their differences is crucial for appreciating 

their respective strengths and limitations. Symbolic AI uses human-readable symbols, 

rules, and logic to represent knowledge and perform reasoning tasks, thereby excelling 

in structured data tasks and offers transparency but struggling with noise and unstruc-

tured data (Hitzler et al., 2020; Renkhoff et al., 2024). Subsymbolic AI employs ML 

and deep learning (DL) to represent knowledge as patterns in high-dimensional vectors 

rather than explicit symbols and excels in unstructured data tasks but tends to lack ex-

plainability (Hitzler et al., 2020; Renkhoff et al., 2024). The latest neurosymbolic AI 

approach seeks to integrate the other two paradigms, combining their strengths to de-

velop AI systems that are robust, capable of learning, and offer explainable, transparent 

decision-making processes (Hitzler et al., 2020; Renkhoff et al., 2024). Thus, it holds 

promise for advancing AI capabilities in both algorithmic and application-level con-

texts (Sheth et al., 2023). With neurosymbolic AI combining elements of symbolic and 



subsymbolic AI, the characteristics are mutually exclusive. As most of the AI systems 

categorised in this research use ML techniques (e.g., Niittynen et al., 2020; Walk et al., 

2020), the current focus of employed AI systems lies on subsymbolic AI. 

AI Domain. The AI domain dimension refers to the respective AI system’s capabilities 

and was adapted from Samoili et al. (2020), where definitions for the characteristics 

can be found. The two characteristics reasoning and planning involve converting data 

into knowledge, which entails transforming information into a format that machines 

can comprehend and use for representation and reasoning. Planning includes decision-

making through structured planning, solution searching, and optimisation paths 

(Samoili et al., 2020). The three characteristics learning, communication, and percep-

tion encompass information extraction and problem-solving based on (un-)structured 

data (e.g., written, and oral language, images, sound), adaptation and responsiveness to 

changes, and behavioural prediction. Related AI subfields include ML, natural lan-

guage processing (NLP), and CV. We chose an established AI classification due to the 

diverse methods used to categorise AI in the literature. 

Data Source. The data sources provide information about the data’s origin and demon-

strate that data comes in different formats such as written language, audio records, 

video records, or images (e.g., Høye et al., 2021; Samoili et al., 2020; Walk et al., 2020). 

The characteristics come from various sources and are best explained with the help of 

examples. Meta Platforms Inc. used a publicly available open-source data set for con-

crete compressive strength to generate a concrete mix that reduces the use of cement 

without compromising strength requirements for data centre construction (Kusuma & 

Sudhalkar, 2022). Online platforms are defined by bringing their users together in 

places such as online marketplaces, collaborative economy platforms, or social media 

platforms (European Commission, 2022). An example is the citizen science portal Zo-

oniverse, which allows laypeople to contribute to research projects in fields like medi-

cine, physics, and social sciences, serving as a source of training data for DL models 

(Høye et al., 2021). Sample collections and digitised natural science collections are 

physical collections used by biologists, e.g., to analyse native plant or animal diversity 

(Høye et al., 2021; Park et al., 2020). Legal documents can be defined as legal texts and 

texts that must be published for legal reasons like patents. Venugopalan and Rai (2015) 

utilise NLP topic modelling techniques to analyse technological innovations in a dataset 

of solar photovoltaic patents. Scientific papers can also be a valuable input for topic 

modelling techniques, for example for analysing climate change research aiming to 

identify potential gaps (Callaghan et al., 2020). Biophysical environment data can be 

retrieved from our environment. For example, remote sensing techniques are used to 

collect satellite data, which serves as input for land use mapping using ML algorithms 

(Karakizi et al., 2018). Further, audio records are used for the classification of species 

in groups like bees for the protection of biodiversity (Høye et al., 2021). The data 

source operating system is defined by data generated by a system in operation, e.g., an 

urban rail transit system (L. Zhu et al., 2023) or a water distribution network (Zornoza, 

2024). Energy usage data, which delivers insights into historical usage data for predic-

tion (Al-Shargabi et al., 2022), is an important part of operating system data. Artificially 

generated data is data which has been simulated, for example for studying carsharing 

relocation scenarios, enabling sustainable transportation (Brendel et al., 2017). 



Data Access. The data access dimension refers to the availability of the input data for 

the AIfES. Publicly available data and internal data were added in the first iteration 

following Schoormann et al. (2023). Publicly available data can be defined as data 

which is freely accessible to everyone who puts a little effort in informing him-/herself, 

such as information provided on websites or posts on social media, which are visible 

without login (Schoormann et al., 2023). Internal data can be defined as data which 

belongs to an organisation and is not made publicly available, like business documents 

or e-mails (Nishant et al., 2020). Data available after registration is typically only 

available by disclosing personal data and can even be reserved for specific user groups, 

e.g., researchers. This is the case for databases like ImageNet, which was used for 

aquatic bioassessment using DL by Milošević et al. (2020). Data can also be available 

for purchase, which means that a person seeking data access must pay for it. This may 

be the case for environmental intelligence platforms like tomorrow.io (2024), as their 

business model is to provide forecasting for different contexts. 

Data Sensitivity. Data sensitivity measures how much protection data requires, based 

on the potential harm from its misuse (Rumbold & Pierscionek, 2018). It is context-

dependent and must be considered independently of data access, as customer usage 

data (e.g., Donti & Kolter, 2021) or data related to critical infrastructures (e.g., Ilter & 

O’Daniel, 2022) must be handled with care. Proper categorisation and protection of 

sensitive data are essential for ethical and legal compliance (Rumbold & Pierscionek, 

2018). Data sensitivity is not strictly binary, as distinct types of data can exhibit varying 

degrees of sensitivity depending on factors like regulatory frameworks (e.g., General 

Data Protection Regulation) applicable or the context of data sharing. Examples of non-

sensitive data are open-source data sets like statistical population data (e.g., Papagian-

nis et al., 2021) as those are aggregated and publicly available so that anyone can make 

use of them for manifold purposes. However, if a company somehow possessed the 

data of one individual in that data set, it may well be sensitive data. We use a binary 

dimension, as companies or researchers must decide whether sensitive data is used 

when looking at all data sets used for one specific system. For example, Dayrize Ltd. 

(2024) provides a sustainability intelligence platform that uses publicly available and 

thus non-sensitive data for clients getting started on their ‘sustainability journey’. 

4.3 The Usage Layer 

Risk Assessment. Sensitive data plays a key role in risk assessment. This dimension 

was added in the second iteration, inspired by Bonsón et al. (2021), who highlight AI’s 

potential to address societal challenges like sustainable development alongside its risks 

of increasing disparity and restricting human freedom. Thus, the risks of employing AI 

necessitate ethical considerations about possible unintended consequences such as cre-

ating power asymmetries between those that employ AIfES and those effected by its 

use (Grewal et al., 2021). We adopted the characteristics from the EU AI Act (European 

Commission, 2024) and thus, draw upon their definitions. High risk AI systems are 

classified as such because they use sensitive data that can severely impact individuals’ 

lives or make critical infrastructure vulnerable. AI systems not explicitly banned or 

listed as high risk usually do not use sensitive data and thus do not pose severe threats. 



While the conversational agent promoting pro-environmental behaviour by SOORT 

(2024) is categorised as not explicitly banned or listed as high risk, AI systems em-

ployed for urban rail transport systems (L. Zhu et al., 2023) are categorised as high risk. 

The EU AI Act also introduces ‘unacceptable risk,’ which applies to AI systems used 

for social scoring and human emotion recognition (European Commission, 2024). We 

excluded this, as it should lead to the termination or substantial revision of the AIfES. 

End-user. This specifies the target user groups of the AIfES in question. Governments 

is employed as a broad term covering government agencies (e.g., Dhaigude & Ghosh, 

2023) and policymakers (e.g., Isabelle & Westerlund, 2022). Looking at non-govern-

mental organisations, we specifically target those that cope with environmental preser-

vation challenges, such as the Forest Stewardship Council (Marggraff & Venter, 2020). 

Companies comprises institutional users of all business sectors, such as farmers (e.g., 

Dhaigude & Ghosh, 2023) or public transport system providers (e.g., L. Zhu et al., 

2023). Some AIfES (e.g., Reshma et al., 2023; Niittynen et al., 2020) also target scien-

tists in academic institutions. This is not surprising, as we gathered AI systems in sci-

entific literature. Privately acting individuals can be defined as individual users like 

consumers with a pronounced environmental consciousness seeking eco-friendly op-

tions (Henao-Rodríguez et al., 2024) or climate activists. As an example, Microsoft’s 

AI-enhanced Planetary Computer aims to enable data-driven decision-making for end-

users like scientists, developers, and policy makers (Microsoft Corporation, 2024). 

4.4 Demonstration of the Taxonomy’s Application 

For exemplary purposes, we characterise an AIfES analysed in the third iteration. See 

& Spray™ by Blue River Technology (2024) uses robotics, CV, and DL to distinguish 

crops from weeds with high accuracy. Custom nozzles for tractors enable precise, plant-

specific spraying, supported by software for efficient crop protection. In the context 

layer, this addresses ecological SDGs #2 Zero hunger by improving crop yields through 

preventing herbicide resistance, #6 Clean water and sanitation, and #12 Responsible 

production and consumption by reducing herbicide runoff. Its environmental sustaina-

bility topics include agriculture, water resources, pollution, and biodiversity, which is 

less threatened with less polluted groundwater and creeks. In the AI setup layer, See & 

Spray™ employs the subsymbolic AI paradigm via DL and operates in the AI domains 

of learning (via DL techniques) and perception (via CV). The data sources are sample 

collections from the biophysical environment, as See & Spray™ was first trained to 

distinguish green plants from the brown soil and then learned to recognise weeds which 

fall out of the seeding pattern. Data is non-sensitive as no personal information is pro-

cessed, and data access is restricted to internally generated training data. Concerning 

the usage layer, See & Spray™ can be classified as not explicitly banned or listed as 

high risk and is primarily targeted at companies in the agricultural sector as end-users. 

The taxonomy helps Blue River Technology to assess potential for further develop-

ment. For example, collecting biophysical environment data like wind speed can opti-

mise herbicide application, enhancing the technology’s precision. 

On a side note, our taxonomy design highlighted the growing importance of the re-

search topic. Of the 49 articles included, we found no publications between 2014-2016 



and only four between 2017-2019. We noted an increasing interest from 2020 to 2023, 

with an average of 10.75 publications per year (2020: 13; 2021: 9; 2022: 10; 2023: 11). 

5 Discussion 

5.1 Theoretical Contributions 

Our work contributes to theory in diverse ways. First, we enhance descriptive 

knowledge of AI for sustainability by presenting a taxonomy for AIfES, based on IS 

and non-IS literature and entrepreneurial cases. It extends Green IS research (e.g., 

Nishant et al., 2020; Schoormann et al., 2023) by combining deductive insights from 

the broader AI for sustainability field with an inductive, holistic view of AIfES beyond 

subtopics like agriculture or energy efficiency. We organised the fragmented yet grow-

ing AIfES landscape by integrating insights from the dynamic AI systems market. Our 

taxonomy enables a comprehensive understanding of AIfES and offers Green IS re-

searchers a basis for future theorising beyond single AI systems. While rooted in Green 

IS, it also informs broader debates on IS artifact evaluation (Prat et al., 2015), IS inno-

vation (Hund et al., 2021) and digital transformation (Vial, 2019). 

Second, the taxonomy highlights risks and challenges of AIfES by translating AI 

system features into distinct, measurable, and comparable dimensions. For instance, 

classification within the AI setup layer may reveal the need for stronger data privacy if 

sensitive, non-public data is used. Similarly, the data source dimension may expose 

imbalances. Thus, the taxonomy promotes transparency around the opportunities and 

limitations of AIfES, enabling informed discussion and scholarly progress. 

Third, the taxonomy clarifies AI systems’ environmental impact and supports future 

theoretical development (Gregor, 2006). Structuring the research field revealed in the 

first iteration, for example, that SDG #6 Clean water and sanitation also involves eco-

logical aspects, broadening its environmental sustainability relevance (Schoormann et 

al., 2023; Vinuesa et al., 2020). Such deeper analysis helps uncover key interrelations. 

Fourth, by integrating both streams of Sustainable AI, we address the digital sustain-

ability dilemma. While focused on AIfES, the taxonomy considers the sustainability of 

AI: In the third iteration, we added IT & IS as an environmental sustainability topic, 

implicitly including sustainably designed AI systems for environmental purposes, un-

derlining the relevance of both streams and the need for responsible IT and IS practices. 

5.2 Practical Implications 

The results offer implications for companies developing or using AIfES, as well as for 

(non-)governmental organisations supporting progress in this field. Our work enhances 

understanding of AIfES and supports their systematic analysis and classification. The 

taxonomy helped us as author team distinguishing AI systems based on their contribu-

tions to environmental, social, and economic sustainability. (Non-)governmental or-

ganisations can apply it to assess whether AI systems genuinely promote environmental 

sustainability or primarily serve other goals, thereby informing evaluation frameworks, 



funding decisions, and policy development. For companies, the taxonomy offers prac-

tical guidance for designing, evaluating, and communicating the sustainability value of 

AI systems. The context layer clarifies the purpose of an AI system, supporting align-

ment with sustainability strategies. The AI setup layer assists in identifying technical 

challenges, and the usage layer helps define and differentiate user groups, which is 

crucial for tailoring services and enhancing impact. In addition, by mapping existing 

solutions and highlighting underexplored areas, the taxonomy can drive innovation and 

highlight new opportunities. More broadly, it provides a common language across tech-

nical, managerial, and sustainability stakeholders. Amid climate urgency, the taxonomy 

may support the responsible development and dissemination of impactful AIfES. 

5.3 Limitations and Future Research  

Our study’s limitations suggest pathways for future research. First, we focused on em-

ploying AIfES and did not explicitly analyse the sustainability of the AI systems. Future 

work should strengthen the link between the two Sustainable AI streams to prevent 

adverse side effects. Second, we limited the taxonomy to environmental sustainability 

for manageability, while future research could expand it to economic and social aspects. 

Third, our iterations focused on AI systems with positive environmental impacts, which 

may introduce publication bias and overlook negative effects. Future research should 

consider dimensions that capture unintended impacts. Fourth, our sample of 40 care-

fully selected AI systems is limited. Expanding it could reveal AI archetypes, e.g., rep-

resenting trends such as generative AI and large language models, clarifying interac-

tions within the taxonomy and linking sustainability topics to AI domains. This may 

also expose challenges like reliance on historical data (Nishant et al., 2020). Fifth, new 

characteristics will likely emerge, requiring updates to keep the taxonomy relevant. 

Additionally, our design may be shaped by path dependencies and subjective choices, 

such as excluding short-lived AI algorithms. At publication, the taxonomy has only 

undergone internal validation by the authors. External validation through expert inter-

views or focus groups (Kundisch et al., 2022) would strengthen its robustness and prac-

tical value. 

6 Conclusion 

Advances in AI have drawn growing attention from researchers and practitioners. AI 

systems hold potential to support SDGs focused on ecological sustainability, such as 

#13 Climate action, #14 Life below water, and #15 Life on land. Given the variety of 

AI systems for environmental sustainability, a taxonomy is crucial for future theorising. 

Based on prior IS and non-IS research and a sample of 40 AI systems from three 

sources, we developed a taxonomy with nine dimensions and 50 characteristics across 

the layers: context, AI setup, and usage. This framework offers researchers a structured 

understanding of AI system features for theory-building and supports companies and 

(non-)governmental organisations in leveraging AI for sustainable development. 
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