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Abstract
As artificial intelligence (AI) and machine learning (ML) advance, concerns about their sustainability impact grow. The 
emerging field "Sustainability of AI" addresses this issue, with papers exploring distinct aspects of ML’s sustainability. 
However, it lacks a comprehensive approach that considers all ML development phases, treats sustainability holistically, 
and incorporates practitioner feedback. In response, we developed the sustainable ML design pattern matrix (SML-DPM) 
consisting of 35 design patterns grounded in justificatory knowledge from research, refined with naturalistic insights from 
expert interviews and validated in three real-world case studies using a web-based instantiation. The design patterns are struc-
tured along a four-phased ML development process, the sustainability dimensions of environmental, social, and governance 
(ESG), and allocated to five ML stakeholder groups. It represents the first artifact to enhance each ML development phase 
along each ESG dimension. The SML-DPM fuels advancement by aggregating distinct research, laying the groundwork for 
future investigations, and providing a roadmap for sustainable ML development.

Keywords  Artificial intelligence · Design patterns · ESG · Machine learning · Sustainability of AI

1  Introduction

Driven by the development of powerful hardware, the avail-
ability of extensive data sources, and the development of 
new algorithms, artificial intelligence (AI) and its promi-
nent subset machine learning (ML) create value in various 

domains such as education, finance, and manufacturing 
(Enholm et al., 2022; Kim et al., 2022). While there are 
ever-increasing efforts to apply AI and ML for sustainable 
usage, i.e., the early detection of wildfires (Wanner et al., 
2020) or cancer (Schoormann et al., 2023), AI’s negative 
impacts on resource consumption, societal injustice, or even 
human rights cannot be neglected anymore (Cowls et al., 
2023; Dennehy et al., 2023; Koniakou, 2023). For instance, 
AI holds the unintended risk of reflecting the implicit social 
bias at the expense of equality, e.g., between genders or eth-
nic groups (Gupta et al., 2022; van Noorden & Perkel, 2023) 
or the amount of computing power needed to train current 
AI models, which has doubled every 3.4 months since 2012 
(Amodei & Hernandez, 2018; Debus et al., 2023). The ‘dark 
side’ of AI has therefore become more apparent (Mikalef 
et al., 2022), leading to calls to work toward the sustainabil-
ity of AI (SAI) (Schoormann et al., 2023; Schwartz et al., 
2020; Tornede et al., 2022).

Analogous to the research streams green information 
systems (IS) and green information technology (IT) (Veit 
& Thatcher, 2023), SAI describes the sustainable design, 
development, and use of AI through its entire lifecycle 
(van Wynsberghe, 2021). Besides the work bundled under 
the term SAI, researchers analyzed adjacent topics such as 
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‘responsible AI’, ‘ethical AI’, and ‘green ML/AI’ (Verdec-
chia et al., 2023). To consider these various topics, numer-
ous perspectives, such as technical, social, and govern-
ance, must be considered (Kreuzberger et al., 2023; Merhi, 
2023a). To enable this at an operational level, multiple 
stakeholders need to work together throughout the entire 
lifecycle to make AI and ML more sustainable (Papagian-
nidis et al., 2023; van Wynsberghe, 2021).

Given its interdisciplinary sociotechnical structure, the 
IS discipline has a vital role in accounting for these per-
spectives (Sarker et al., 2019). IS researchers have explored 
how to use information technologies and organizational 
methods to foster sustainability and social responsibil-
ity (Dennehy et al., 2023; Lee et al., 2012; Thomas et al., 
2016). Thus, IS can contribute to integrating a sustainabil-
ity perspective into AI and ML development. The previous 
work can be classified into three streams. First, a majority 
of papers have focused on solutions to reduce the energy 
consumption of AI development and ML models and 
therefore the environmental impacts (e.g., Patterson et al., 
2022; Veit & Thatcher, 2023; Verdecchia et al., 2023). 
Second, recent publications have focused on social and 
ethical aspects of ML as well as increasing fairness during 
ML development to foster responsible ML (e.g., Dennehy 
et al., 2023; Ferrara, 2023; Mikalef et al., 2022). Third, an 
increasing number of papers are focusing on the challenges 
ML holds from a governance perspective (Koniakou, 2023; 
Papagiannidis et al., 2023; Verdecchia et al., 2023).

Overall, previous work is fragmented across several 
streams, leading to overlapping recommendations and dif-
ficulties, especially for practitioners, to comprehensively 
assess possible measures toward more sustainable ML. At 
the same time, there is an increasing demand as well as calls 
for research to shift from pure principles to comprehensive 
design approaches and implementable best practices for 
sustainable AI, for instance, to avoid involuntary exclusion 
or unnecessary resource consumption to counteract digital 
inequalities or negative environmental externalities (Den-
nehy et al., 2023; Pappas et al., 2023; Shneiderman, 2021; 
Vassilakopoulou & Hustad, 2023). Here, design patterns 
(DPs) have been proven to be valuable, as they capture best 
practices, guidelines, and recommendations and are a com-
mon tool to provide methodological support (Gamma, 1995; 
Goel et al., 2023). They have the advantage of being specific 
to solve a problem but also generic enough to address future 
similar problems, as they provide simple entry points and are 
easy to understand (Gregor et al., 2020). Thus, this paper 
seeks to answer the following research question (RQ):

What are design patterns that ML development stake-
holders can incorporate to increase the sustainabil-
ity of the ML development process?

In response to the RQ, we developed a comprehen-
sive framework, namely the Sustainable Machine Learn-
ing Design Pattern Matrix (SML-DPM), that provides 
researchers and practitioners with recommendations to 
increase the sustainability of the ML development pro-
cess. The SML-DPM provides 35 DPs structured along 
four phases of the ML development process and subdi-
vides them into three sustainability dimensions. We follow 
the design science research (DSR) paradigm to develop 
the SML-DPM in close alignment with four literature-
grounded key requirements (Hevner et al., 2004; Peffers 
et al., 2007). We derive the first set of DPs from 41 mul-
tivocal references. To evaluate and iterate on these DPs, 
we use the criteria developed by Sonnenberg and vom 
Brocke (2012b). Thus, we first assess their applicability 
and usefulness through focus groups and semi-structured 
interviews with subject matter experts. We then develop 
a web-based prototype to evaluate the intentions of users, 
levering our SML-DPM based on a case study in three 
real-world ML projects.

The research results make a theoretical contribution by 
conceptualizing SAI’s multidimensionality, which needs 
to be considered to increase sustainability across the whole 
ML development process and what SAI means in terms 
of implementable practices (Gill et al., 2022; Wu et al., 
2022). The SML-DPM combines hitherto fragmented 
theoretical knowledge from separated research areas in 
an aggregated view and validates it with real-world ML 
project insights. This lays the foundation for further theo-
rizing in the SAI field by embracing research approaches 
that encompass the multidimensionality of sustainability, 
including environmental, governance, social, technical, 
and human-centric perspectives. As a contribution to 
practice, the SML-DPM serves as a diagnostic tool for 
different ML development stakeholders to capture the sta-
tus quo of sustainability and to develop a vision regard-
ing the sustainability of the ML development process in 
their current and future ML projects. Further, the DPs and 
the associated web-based prototype offer an easily acces-
sible guidance with a clear starting point for every ML 
stakeholder to transform the ML development processes 
towards more sustainability.

2 � Theoretical Background

We structured the theoretical background into three distinct 
sections. First, we describe the characteristics of ML pro-
jects, including their process phases and stakeholders. Next, 
we discuss various sustainability frameworks that can be 
applied to ML development. Finally, we provide a compre-
hensive overview of related work.
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2.1 � Machine Learning Project and Process

AI is considered an umbrella term that includes different 
algorithmic approaches and methods (Russell & Norvig, 
2016). The prevailing ones include ML (Ågerfalk, 2020). 
ML comprises capabilities to iteratively learn from training 
data and to improve their results, solving tasks automatically 
without explicitly being programmed (Collins et al., 2021). 
To realize ML’s value, companies carry out ML projects. 
Generally, to accomplish a project's implementation, com-
panies pass through the four main phases of planning, devel-
oping, deploying, and maintaining (Cooper & Zmud, 1990). 
While the overall discussion of projects, e.g., IT projects, 
is mature, the emergence of ML projects challenges estab-
lished knowledge owing to the differences between ML and 
IT projects (Berente et al., 2021; Merhi, 2023b). To address 
this, the literature provides frameworks to guide the execu-
tion of ML projects. A comparison of the relevant different 
ML development frameworks appears in Table 1.

We reframed the four project phases (Cooper & Zmud, 
1990) by including a more data-centric perspective, account-
ing for ML specifics such as iterative learning and by consid-
ering the ML development frameworks from Table 1. This 
both accounts for a comprehensive overview over the whole 
ML development process in four phases and enables an end-
to-end consideration of the entire ML development process. 
First, during the planning phase, besides understanding the 

organizational problems and opportunities, there needs 
to be a stronger focus on the identification of ML model 
requirements (Amershi et  al., 2019; Kreuzberger et  al., 
2023). Second, there is a need for a data-centric phase prior 
to model development, as the data basis must be explicitly 
considered in ML projects besides the pure IT application 
development (Allen et al., 2017; Papagiannidis et al., 2023). 
Thus, the data challenges of data understanding, preparation, 
transformation, feature engineering, labeling, and clean-
ing must be considered (Tabladillo, 2022). Third, during 
the development phase, iterative training, experimentation, 
and evaluation loops must be conducted to benchmark dif-
ferent ML models (Fayyad et al., 1996; Tabladillo, 2022). 
This comprises the modeling, training, and evaluation of 
the ML models based on the previous phase’s data (Amer-
shi et al., 2019). Depending on the ML model evaluation 
results, adjustments such as hyperparameter optimization 
(HPO) can be made (Kreuzberger et al., 2023). Fourth, the 
deployment and monitoring phases should be considered 
together in ML projects, as changes such as data drift and 
concept drift must be continually monitored and could lead 
to redeployment (Kreuzberger et al., 2023). Consequently, 
this consists of deploying the ML model, transitioning the 
ML model into a software product, and monitoring its pre-
dictions and decisions in a real-world environment (Studer 
et al., 2021). This leads to the four overarching ML develop-
ment phases (see, Table 1). These four phases are not purely 

Table 1   Machine learning development process

ML Development Frameworks

CRISP-DM
(Wirth & 
Hipp, 2000)

KDD
(Fayyad et al., 
1996)

CRISP-ML
(Studer et al., 
2021)

AIDOP
(Allen et al., 
2017)

TDSP
(Tabladillo, 
2022)

Microsoft ML 
workflow
(Amershi 
et al., 2019)

ML operation 
principles
(Kreuzberger 
et al., 2023)

ML Devel-
opment 
Phases

ML Demand 
Specifica-
tion

Business
understanding

Understand-
ing of the

application 
domain

Business
understanding

Plan Business 
understand-
ing

Model
requirements

MLOps product
initiation,
Requirements 

for feature 
pipeline

Data Collec-
tion and 
Preparation

Data
understand-

ing,
Data prepara-

tion

Data selec-
tion, 
preprocess-
ing, and 
transforma-
tion

Data
understand-

ing, Data 
preparation

Data prepara-
tion, Build 
ground truth

Data acquisi-
tion and 
understand-
ing, Feature 
engineering

Data collec-
tion,

Data labeling,
Data clean-

ing,
Feature
engineering

Feature engi-
neering

pipeline

Modeling and 
Training

Modeling,
Evaluation

Algorithm 
selection,

Data mining

Modeling,
Evaluation

Train model, 
Evaluate 
model

Model train-
ing, Model 
evaluation

Model train-
ing,

Model evalu-
ation

Experimenta-
tion

Deployment 
and Moni-
toring

Deployment Interpretation, 
Evaluation

Deployment,
Monitoring 

and
maintenance

Deploy, Moni-
tor, Capture 
feedback

Deployment Model 
deployment,

Model moni-
toring

Automated ML
workflow 

pipeline
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sequential: iterations and feedback loops between the phases 
are both possible and necessary (Singla et al., 2018). The 
four phases provide a framework-agnostic analysis of the 
ML development processes by aggregating the ML develop-
ment framework-specific phases to a higher abstraction level.

Further, different stakeholders are involved in the ML 
development process (Berente et al., 2021; Yurrita et al., 
2022). Based on Kreuzberger et  al. (2023), Bhatt et  al. 
(2020), and Yurrita et al. (2022), we identified five stake-
holder groups that intersect with the ML development pro-
cess (Table 2).

The stakeholder groups we identified are based on Kreuz-
berger et al. (2023), yet these authors focused on ML opera-
tions and therefore defined highly specialized roles for the 
ML and software development phase. While these roles 
provide valuable granularity for ML operations, they prove 
overly detailed for the broader development process. To 
address this, we adopted the concept of “ML Development” 
proposed by Bhatt et al. (2020), which amalgamates vari-
ous roles such as data scientist. Further, Bhatt et al. (2020) 
merged software engineering and architecture roles into the 
unified category “Software Development”. Given our aim to 
encompass the entirety of the ML development process, we 
expanded the roles to encompass the categories of "Auditing 
and Testing” (Bhatt et al., 2020) and “Domain Expert” (Yur-
rita et al., 2022). Also, we excluded the “End User” role, 
as detailed by Bhatt et al. (2020) and Yurrita et al. (2022), 
since it is implicitly incorporated through the requirements 
outlined by business stakeholders and forms no active part 
of the ML development process.

2.2 � Sustainability Frameworks

Sustainability considerations first gained significant inter-
national traction when in 1987 the United Nations issued 
the Brundtland Report, which defines that the needs of the 

present should be met without compromising future genera-
tions’ ability to meet their own needs (Brundtland, 1987). 
Over time, the term sustainability was further refined in 
different ways, with various definitions, perspectives, 
and concepts of sustainability (Glavič & Lukman, 2007). 
Among leading studies, particularly the connection between 
environmental and socio-economic issues is considered a 
multidimensional challenge (Hopwood et al., 2005; Span-
genberg, 2002). For instance, environmental concerns may 
limit social welfare and economic growth. In light of these 
dimensions, we define sustainability as a multidimensional 
concept.

To operationalize this concept, there is a need for a frame-
work to define its dimensions. Given the plethora of sus-
tainability frameworks (Missimer et al., 2017), we analyzed 
approaches from different fields to derive a suitable guide-
line for our research. First, from a single entity’s perspective, 
Elkington (2018) coined the term “triple bottom line” by 
defining sustainability as economic (e.g., profit), environ-
mental (e.g., benefits for the planet), and social (e.g., benefits 
for people) development. However, the concept has been 
criticized for its hierarchal presentation of the economic 
perspective alongside the ecological and the social perspec-
tives (Isil & Hernke, 2017), and for the interdependencies 
among the three dimensions (Sridhar & Jones, 2013). Sec-
ond, as a clear agenda is needed to concretize these goals 
internationally, the UN developed 17 Sustainable Develop-
ment Goals (SDGs) to structure global efforts for the peace 
and prosperity of humanity and the planet. Third, based on 
regulatory requirements – such as the EU Emission Trading 
System, the EU’s corporate sustainability reporting direc-
tive, or China’s Green Taxonomy – effective governance 
and policymaking became a sine qua non in the sustainabil-
ity discourse (European Massuga et al., 2023; Parliament, 
2022). The concept of environmental, social, and govern-
ance (ESG) evolved as a central paradigm to operationalize 

Table 2   Definition of stakeholder groups within the ML development process

Stakeholder Group Description Kreuzberger 
et al. (2023)

Bhatt 
et al. 
(2020)

Yurrita 
et al. 
(2022)

Business Stakeholder (B) They define the business problem, track the economic prospects, communicate 
within the organization, and interact with the end-users

X X

Domain Expert (D) They provide the other stakeholders with in-depth know-how about the applica-
tion domain. They assist by guiding the understanding of the data and the 
interactions with the system boundaries

X

ML Development (M) This role includes data preparation, data transformation, feature engineering, 
model development, and model optimization

X X X

Software Development (S) Their main responsibility is the transformation of the raw ML algorithm into a 
sustainable software product

X X

Auditing and Testing (AT) This role analyzes the used data and model throughout the process, focusing on 
the legal aspects and conformance with company regulations, and as well as 
the model’s usability

X X



2107Information Systems Frontiers (2024) 26:2103–2145	

sustainability while maintaining a multidimensional and 
holistic approach, especially in corporate contexts (T.-T. Li 
et al., 2021; Tsang et al., 2023). We chose to use ESG, as 
it fits our holistic perspective on sustainability and its fre-
quent use in the corporate environment (Drempetic et al., 
2020; Sætra, 2023). Within this work, we define the ESG 
dimensions according to Li et al. (2021) and Ketter et al. 
(2020). They describe the environmental dimension as the 
preservation of the natural environment, including tackling 
pollution and climate change. The social dimension focuses 
on humans, both at the individual and the community lev-
els, and embraces for instance diversity and social justice. 
Finally, the governance dimension includes the rules and 
norms that guide corporate activities, such as data protection 
and information mechanisms.

2.3 � Related Work

To date, the research at the intersection of AI and sustain-
ability can be distinguished into two fields: ‘AI for sus-
tainability’ and ‘sustainability of AI’ (van Wynsberghe, 
2021). The academic literature and practitioner discourse 
have focused on how to use ML and related technologies to 
improve sustainable development (Natarajan et al., 2022; 
Schoormann et al., 2023). Since ML is ubiquitously applied 
in many domains, the sustainability of AI has gained atten-
tion, even though this research stream developed separately, 
focusing on the sustainable design and use of ML (Schoor-
mann et al., 2023).

Various research papers have analyzed ML’s sustainabil-
ity from multiple perspectives. Natarajan et al. (2022) ana-
lyzed the different recommendations to develop affordances 
for environmentally sustainable ML models. Similar papers 
by Schwartz et al. (2020) and Patterson et al. (2022) ana-
lyzed ML’s environmental sustainability under the term 
‘Green AI/ML’. Henderson et al. (2022) and Cowls et al. 
(2023) provided strategies for mitigating carbon emissions 
and reducing ML models’ energy consumption. Schneider 
et al. (2019) derived principles for developing green data 
mining, which can be transferred to ML development. Ver-
decchia et al. (2023) concluded from a meta-analysis of 
research papers on ML development’s environmental sus-
tainability that these studies focused mainly on the training 
phase. They called for new research that incorporates the 
gray literature and interviews with practitioners to validate 
previous findings (Verdecchia et al., 2023). Another sepa-
rate research stream began to analyze the social implica-
tions of ML models regarding biases, fairness, and appro-
priate reliance (Mehrabi et al., 2022; Pagano et al., 2023; 
Singh et al., 2022). In this research stream, multiUsers\
meyerhol\Zotero\storage\ple authors have emphasized 
the growing awareness to account for social risks during 
the use and development of AI (Dennehy et al., 2023). 

In response, multiple frameworks have been designed to 
define rules for the socially responsible development of 
AI systems (c.f., Floridi et al., 2018; Montreal Declaration, 
2017). For instance, Fahse et al. (2021) depicted multiple 
mitigation techniques for mitigating social biases, Akter 
et al. (2021) identified managerial capabilities to mitigate 
the three primary sources of algorithmic bias (i.e., data 
biases, method biases, and societal biases), and Friedler 
et al. (2019) compared different ML models on different 
data-sets regarding fairness. Nonetheless, there is a neces-
sity to transition from the recognized risks and ethical 
principles to practical, actionable practices (Mäntymäki 
et  al., 2022; Shneiderman, 2021). Finally, ML model 
governance focuses on promoting accountability mecha-
nisms and governance structures, such as regulations and 
policies, to ensure that society benefits, while minimizing 
risks and harms (Taeihagh, 2021). For instance, Gill et al. 
(2022) provided an overview over the implications of ML 
governance on the regulatory, organizational, and process 
levels to drive the responsible development and uses of 
ML. Nonetheless, the ML governance research remains in 
its infancy owing to rapid ML development (Gill et al., 
2022; Laato et al., 2022). Finally, Rohde et al. (2024) are 
among the first to synthesize the different perspectives of 
SAI by deriving sustainability criteria and associated sus-
tainability indicators to evaluate the sustainability of AI 
systems. They structured the sustainability criteria using 
the triple bottom line (i.e., economic, environmental, and 
social) extended by an overarching governmental perspec-
tive along the ML development process. While their work 
offers valuable insights, they focus primarily on the sus-
tainability assessment of existing AI systems and less on 
providing prescriptive action-oriented measures to make 
AI systems more sustainable.

Overall, the research in the sustainable development of 
AI and ML is fragmented across several streams, as multi-
ple papers have focused on different areas of sustainability. 
While first research papers focus on the connection between 
sustainability dimensions and ML development, we lack a 
holistic approach that focuses on each ML development 
phase, provides clear recommendations for mitigating sus-
tainability risks holistically, and integrates feedback from 
practitioners.

3 � Research Methodology

Our methodological four-step research approach is derived 
from the DSR paradigm (Gregor & Hevner, 2013; Hevner 
et al., 2004), which aims to design artifacts to solve prob-
lems grounded in practice (vom Brocke, Winter, et al., 
2020). Following Peffers et al. (2007), DSR is implemented 
as an iterative process that starts with a problem definition, 
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defines goals, develops and refines a solution, demonstrates 
or applies it, evaluates whether the requirements have been 
met and the problem has been solved, and finally com-
municates the insights. While Hevner et al. (2004) and 
Peffers et al. (2007) focus on all activities involved in the 
DSR process, other works provide detailed insights into 
the evaluation steps (vom Brocke et al., 2020a). In this 
vein, Sonnenberg and vom Brocke (2012b) provide four 
patterns and corresponding criteria for evaluating DSR 
activities (i.e., Eval 1–4) and distinguish between ex-ante 
and ex-post evaluation. On the one hand, ex-ante evalua-
tion patterns aim to justify the problem statement (e.g., the 
magnitude of the research need) and the validity of design 
decisions (e.g., the consistency of design requirements). 
On the other hand, ex-post evaluation challenges the arti-
fact in artificial (e.g., challenging its internal feasibility) 
and naturalistic settings (e.g., its usefulness in a real-world 
demonstration) (Sonnenberg & vom Brocke, 2012a, 2012b; 
vom Brocke et al., 2020a). Within this work, we combine 
the described DSR process and the four subsequent evalu-
ation patterns (as depicted in the upper part of Fig. 1) into 
four main research phases, each comprising activities and 

a subsequent evaluation (as depicted in the lower part of 
Fig. 1). This four-step methodological approach simplifies 
both the research process and the structure of this paper by 
providing a clear and systematic framework. This reduction 
in complexity enhances comprehensibility and replicabil-
ity, aligning with the standards set in earlier studies (e.g., 
Neff et al. (2014), Hausladen and Schosser (2020), Stahl 
et al. (2023)).

The first phase in our approach embraces the justification 
of the problem and the definition of requirements. In the 
second phase, a suitable artifact design based on the identi-
fied requirements was selected. The third phase comprised 
the iterative artifact development, especially regarding the 
derivation of the DPs and naturalistic evaluation. Finally, 
in the fourth phase, the artifact was naturalistically evalu-
ated in a case study in three different projects. In the four 
phases, we used various research techniques. In every phase, 
we performed an evaluation step based on Sonnenberg and 
vom Brocke (2012b). Except for the problem justification 
(EVAL1) and demonstration (EVAL4), each evaluation step 
consisted of one or more interviews or focus groups (see 
Table 3).

Problem

identification

Objective

definition
Design & development Demonstration Evaluation

C
o

m
m

u
n

icatio
nEval

1

Evaluation patterns
(Sonnenberg and vom

Brocke, 2012)

General DSR activities
(Peffers et al., 2007)

(1) Problem justification &
requirement definition

Main research phases
of this paper (2) Design development (3) Iterative artifact

development
(4) Instantiation of the

artifact

Techniques

Performed activities

Evaluation criterion

� Problem identification

� Ex ante justification of the

problem
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Fig. 1   Our four-step research approach
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Problem justification & requirement definition  To under-
stand and evaluate the importance and novelty (Sonnenberg 
and vom Brocke, 2012a) of challenges related to the sustain-
ability of the ML development process, we justify the under-
lying problem based on the motivation and the literature 
provided in Section 2 (EVAL1). Thus, based on the problem 
justification (Sections 1 and 2), the stated RQ, and the gaps 
identified in the literature in the two research streams of ML 
and sustainability (Sections 2.1 and 2.2), we derive the three 
key requirements R1 to R3 for our SML-DPM. The require-
ments were further refined in the first focus group which led 
to the addition of one more requirement, R4 (see EVAL2).

Design development  In the second phase, we developed the 
SML-DPM’s structure and design. The first design of the 
artifact was theoretically grounded in the justificatory knowl-
edge (Peffers et al., 2007) from the two research streams, 
sustainability and ML projects, as discussed in Sects. 2.1 and 
2.2. Further, the realm of possible solutions (i.e., the solu-
tion space) was determined by the four key requirements. 
Based on the initial draft of the design, we conducted an 
artificial ex ante evaluation using a focus group. According 
to Belanger (2012), focus group research is suitable among 

others if the participants evaluate a theoretical model or 
explore new topics. Since our artifact’s design is comparable 
theoretically and the conjunction of sustainability and ML 
development is only just emerging, we conducted an aca-
demic focus group discussion to evaluate the first design of 
the artifact (EVAL2). We followed the high-level guidelines 
summarized by Onwuegbuzie et al. (2009). The focus group 
#F1 (first row in Table 3) consisted of 22 researchers work-
ing on industrial projects full-time due to an industry doctor-
ate in data analytics and ML that lasted around 50 min. The 
participants are all involved in applied ML projects, such as 
predictive maintenance in industrial applications, punctual-
ity prediction in public transportation, text classification of 
service reports, or the development of retrieval-augmented 
generation pipelines based on large language models for 
extracting market data. To facilitate the discussion, one of 
the co-authors acted as moderator and another as assistant 
moderator (Krueger, 1988). The results of the focus group 
session were recorded on a digital whiteboard. Krueger and 
Casey (2015) identified four guiding components that should 
lead the facilitation of a focus group. Accordingly, we first 
introduced the participants to the underlying research topic 
of SAI, our RQ, and key requirements (the introductory 

Table 3   Overview over the evaluation partners

# Role Stake-
holder 
Group

Industry Experi-
ence 
[years]

Size Length [min] Number of 
Participants

Evaluation Step Design 
Pattern 
Iteration

F1 Scientific ML Com-
munity

B, M Research & Consult-
ing

1–4 Medium 50 22 EVAL2 -

F2 Scientific ML Com-
munity

B, M Research & Consult-
ing

2–5 Medium 55 54 EVAL3 Iter 1

F3 Scientific ML Com-
munity

M, S Research & Consult-
ing

2–5 Medium 85 8 EVAL3 Iter 1

E1 Scientific ML Con-
sultant

M Research & Consult-
ing

 > 3 Medium 48 1 EVAL3 Iter 2

E2 ML Consultant M Transportation & 
Mobility

 > 4 Medium 55 1 EVAL3 Iter 2

E3 Data Analytics Spe-
cialist

D, A Manufacturing  > 10 Large 60 1 EVAL3 Iter 2

E4 Data Product Owner D, A Technology  > 5 Large 44 1 EVAL3 Iter 2
E5 ML Transformation 

Project Expert
B Telecommunication  > 2 Large 30 1 EVAL3 Iter 2

E6 Data Science Man-
ager

B, M Medicine  > 5 Start-Up 40 1 EVAL3 Iter 3

E7 Project Manager Data 
Science & ML

B, M Consulting  > 4 Large 43 1 EVAL3 Iter 3

E8 Co-Founder B, S Technology  > 7 Start-Up 70 1 EVAL3 Iter 3
E9 Senior Expert AI M Consulting  > 10 Large 51 1 EVAL3 Iter 3
E10 Scientific ML Con-

sultant
M Research & Consult-

ing
 > 4 Medium 47 1 EVAL3 Iter 3

E11 ML Expert M Finance  > 5 Large 35 1 EVAL3 Iter 3
E12 Senior AI Strategist B Technology  > 6 Medium 49 1 EVAL3 Iter 3
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stage). Second, we discussed their experience in research 
and practice regarding general and sustainability challenges 
in ML projects (the transition stage). Third, we presented 
and discussed our first artifact’s design (in-depth investi-
gation). The discussion was guided by the moderator to 
center around the design’s completeness, understandabil-
ity, and usability. Specifically, we asked the participants if 
the artifact’s design was consistent and whether it met the 
key requirements. This was done to validate and, if needed, 
refine the compact structure in line with real-world ML pro-
jects to guarantee that the SML-DPM and its design add 
value to varying practical ML project settings as the par-
ticipants of #F1 have extensive insights into different ML 
projects and industries (Sonnenberg & vom Brocke, 2012a). 
Finally, we summarized the key issues addressed by the par-
ticipants (closure).

Iterative artifact development  In the third phase, the arti-
fact’s content (i.e., the DPs) was iteratively developed in 
three iterations. We derived the first set of DPs by analyzing 
the literature (Part I – Literature Analysis) and synthesiz-
ing information on the sustainable ML development (Part 
II – Initial Artifact Development). Finally, we conducted an 
ex post evaluation of the first SML-DPM with two focus 
groups (Part III – Iterative Development and Naturalistic 
Evaluation).

Part I – Literature Analysis: To ensure the maximal band-
width of input, we used a narrative literature review where 
we reviewed both the scientific and the nonscientific outlets. 
Given the novelty of the sustainability of ML, the numer-
ous definitions, and the scarcity of studies at the intersec-
tion of all three ESG factors and ML (Tornede et al., 2022; 
Vinuesa et al., 2020; Wu et al., 2022), we chose this research 
approach so as to provide a holistic overview over recom-
mendations (i.e., mitigation strategies, affordances) (King 
& He, 2005). Overall, this literature review type has the 
benefit of a particularly broad representation of reference 
literature (Green et al., 2006) owing to its ability to include 
knowledge from different perspectives on ML, data science, 
sustainability, and ESG. We first utilized a keyword-search 
in scientific databases, i.e., Science Direct, Springer Link, 
IEEEXplore, and AIS Electronic Library. We used a two-
part search string for related research publications (Huang, 
et al. 2015). The first part of the string addressed ML and 
related mature research fields (“data analytics” OR “data 
mining” OR “machine learning” OR “ML” OR “artificial 
intelligence” OR “AI” OR “deep learning” OR “neural net-
work”). We particularly included the terms “data analyt-
ics” and “data mining” to include this mature research field 
(e.g., Schneider et al., 2023) and the shared characteristics 
between data mining projects and ML development pro-
jects, which has been widely acknowledged by the adoption 
of CRISP-DM for ML research and projects (e.g., Singh 

et al., 2022; Studer et al., 2021). Further, we included the 
ML subset “deep learning” and the technical wording “neu-
ral network” to include this stream of energy-intensive ML 
models (Desislavov et al., 2023). The second part sought 
references that provide insights into relevant sustainability 
topics (“sustainab*” OR “energy” OR “environment*” OR 
“social” OR “fair*” OR “unbiased” OR “governmental” OR 
“trust*” OR “responsib*” OR “ethic*”). The first part (up to 
“environment*”) of the second search string related to the 
environmental dimension of sustainability, while the sec-
ond part related to the governance and social dimensions. 
The sustainability dimensions of social and governance are 
often simultaneously addressed in the literature and, there-
fore, also in our search string (see Dennehy et al., 2023). 
Also, we checked for gray and industrial literature in Google 
Scholar, Google, arxiv.org, and OECD.AI, as well as techni-
cal reports of main ML companies such as Amazon, Micro-
soft, Google, and IBM. The literature identification step led 
us to 43 references (gray literature: 15, scientific literature: 
28). Second, we applied a forward–backward search on the 
collected scientific papers to gain a deeper knowledge base. 
Simultaneously, we assessed the quality of the observed 
gray literature, relying on a process similar to Gramlich 
et al. (2023), using three criteria, selecting the gray literature 
based on the novelty of the contributions being referenced 
in the white literature, and its impacts through open access. 
Ultimately, these three steps (keyword search, forward–back-
ward, quality assessment) ensured a broad literature base 
(41 references, gray literature: 8, scientific literature: 33) 
for deriving the DPs.

Part II – Initial Artifact Development: To extract these 
calls for action at the individual paper level, we screened 
the content for recommendations to increase the ML devel-
opment process’ sustainability. We allocated the findings to 
one of the three sustainability dimensions, one of the ML 
development phases, and the ML stakeholder groups. Ulti-
mately, we combined the calls for action to derive the first set 
of DPs that collectively ensure sustainable ML development 
processes. We grounded our procedure in three meta-require-
ments which led the DP development process. Each DP had 
to be identified in two or more sources to ensure validity of 
the results. The first meta-requirement is accompanied by 
the general purpose of DPs to provide proven solutions for 
recurring problems. This guarantees that if the DP is identi-
fied in several sources, the DP contains established solutions 
for reappearing problems (Gamma, 1995; Goel et al., 2023). 
Further, if multiple recommendations focused on the same 
abstract solution while providing different instantiations, they 
were combined into one DP, i.e., abstraction (Gregor et al., 
2020). Based on the second meta-requirement, we eliminated 
differences in wording among the various research streams. 
This level of abstraction allows to aggregate, abstract, and 
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generalize the codified design knowledge from the literature 
to be used for a class of SAI problems (e.g., only for a spe-
cific industry sector such as finance or telecommunication 
or a specific ML method such as computer vision or natural 
language processing Ayres & Sweller, 2014; Baxter et al., 
2007; Schoormann et al., 2023)). Opposing to the prior meta-
requirement, the final meta-requirement called for distinction 
between the DPs. Therefore, we included a new DP every 
time the authors identified a new cluster of calls which has 
not been included in the combination of phases and sustain-
ability dimension. This resulting set of DPs is thus intended 
to guarantee that the underlying multidimensional SAI topic 
can be comprehended by the users. This allows a transfer of 
knowledge for users who have previously only dealt with 
one dimension and supports them in understanding the SAI 
problem context (Dickhaut et al., 2023; Rothe et al., 2020; 
vom Brocke, Winter, et al., 2020).

Those three meta-requirements left us with a first iteration 
of 39 DPs that can be levered to ameliorate the ML process 
along the ESG dimensions (see Appendix Fig. 6). To create 
transparency regarding the final selected studies and their 
assignment to the 39 DPs, we provide a detailed overview 
over the literature-DP allocation in Appendix Table 5.

Part III – Iterative Development and Naturalistic Evalu-
ation (EVAL3): To evaluate and refine the DPs, we used 
two academic focus groups #F2 and #F3 (second and third 
row in Table 3) in the field of data analytics and ML. (for a 
description of the applied methodology, see the previously 
described phase 2).

After introducing the underlying research problem and 
scope in line with the RQ, we discussed their interaction with 
sustainability in ML development. Afterward, we presented 
and discussed each DP. We discussed how to ensure that each 
DP is easy to use, compact yet complete, and clearly assigned 
to one sustainable dimension, one ML development phase, 
and the relevant stakeholders. After going through all the 
DPs, we discussed whether they are mutually exclusive and 
collectively exhaustive. Finally, we had an open discussion 
on whether there were any other recommendations, best prac-
tices, or advice that were missing from the first set of DPs. 
Following the two focus groups, we conducted 12 interviews 
with subject matter experts #E1-12 (fourth to fifteenth row 
in Table 3) to validate the applicability and usefulness of 
the derived DPs. Following Myers and Newmann (2007), 
we used semi-structured interviews, which allow differ-
ent perspectives to be absorbed while providing in-depth 
information (Miles & Huberman, 2009). We selected the 
interviewees from our professional network based on their 
sufficient expertise in the development of ML projects. We 
defined sufficient expertise as leading or co-developing more 
than three ML projects in an organizational setting. Further, 
we included a diverse set of backgrounds and current posi-
tions. Table 3 provides an overview over the interviewees 

along their business area, experience with ML development, 
and current position. Overall, the total interview time was 
572 min. The interviews were done over three weeks by two 
of the co-authors. Each interview had four parts. We began 
by introducing every interviewee to our motivation and the 
problem statement. We then deliberated over the prerequi-
sites for the SML-DPM and its structure. Step 3 presented the 
DPs. Finally, the interviewees reviewed the application of the 
artifact to verify whether it met the practical requirements.

For both the focus groups and the interviews, we cal-
culated a form of code frequency counts as the saturation 
metric. Saturation metrics are widely regarded as the pri-
mary criterion for evaluating results’ sufficiency in qualita-
tive research methodologies (Hennink & Kaiser, 2022). In 
the group of saturation metrics, code frequency counts are 
often used to evaluate the saturation of responses in inter-
views and focus groups (e.g., Ando et al., 2014; Young & 
Casey, 2018). Adopted to our methodological procedure, we 
rigorously analyzed the results from the interviews or the 
focus groups for emerging, changing, or diminishing DPs 
at each iteration. The number of each previously introduced 
modification, identified in every interview, was meticulously 
tracked, observing the point at which the emergence of new 
codes began to decline, indicating a trend toward saturation. 
We calculated the saturation – i.e., the number of changes 
divided by the number of DPs at the start of the iteration 
– per iteration, publishing the results in Appendix Table 6.

Instantiation of the artifact  Finally, to complete the DSR 
process, we conducted a real-world demonstration using 
the SML-DPM (EVAL4) as the result of the previously 
described research phase three. The demonstration sought 
to outline how the artifact, i.e., the SML-DPM, can be used 
to solve the identified problem in line with our research 
question (Peffers et al., 2007; Sonnenberg & vom Brocke, 
2012a). Even though the research community is divided 
on which specific goals to follow when evaluating design 
artifacts, the main objective is to analyze whether a design 
artifact holistically addresses an observed problem, which 
remains consistent (Prat et al., 2015). Thus, within the SML-
DPM, we provided actionable DPs the ML development 
stakeholders can incorporate to increase the sustainability 
of the ML development process. To evaluate the intentions 
of users levering our SML-DPM to carry out ML projects 
sustainably, we conducted a case study in three ML devel-
opment teams. Within the case study, we asked the partici-
pants (real users) to use our SML-DPM to identify areas of 
improvement for the development (real task) of their current 
ML projects (real systems) (see Sonnenberg & vom Brocke, 
2012b). Case studies as a method to demonstrate the use-
fulness of design artifacts were proposed by Sonnenberg & 
vom Brocke (2012b). We selected two publicly funded ML 
projects and one industrial ML project as our case study’s 
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subject of investigation. The three projects were chosen as 
a stratified sample (Robinson, 2014). All projects focus on 
productive ML development and are going through or have 
gone through all four ML development phases. Thus, the 
projects are comparable in this regard and correspond to the 
defined user group of the SML-DPM. Notably, these three 
projects had different application areas and customer groups 
and use different data and algorithm types. This allowed us 
to evaluate the SML-DPM in different contexts, so as to 
validate generalizability. Further details on the three case 
study projects (EVAL4) appear in Section 5.3.

In line with previous works by Graf-Drasch et al. (2023) and 
Schoormann et al. (2023), we instantiated the SML-DPM as a 
web-based prototype to assist the evaluation. The web-based 
prototype serves as a means of communicating the SML-DPM 
(i.e., transfer medium) and contains the same structure (i.e., 
the design) and content (i.e., the DPs) as the SML-DPM, ena-
bling a straightforward assessment for the SML-DPM´s target 
group (i.e., the ML development stakeholders). We followed 
Sommerville´s (2011) prototype development process. In the 
workshops, we levered the web-based prototype to perform 
a fit-gap analysis. This process involved identifying the DPs 
that were already implemented in the participants’ ongoing 
projects and that the participants were interested in incorporat-
ing into their workflows. For the subsequent interactive part, 
the participants were asked to take the perspectives from their 
current projects. After addressing preliminary inquiries, they 
were prompted to pinpoint the DPs already implemented in 
their projects. Adhering to the fit-gap analysis methodology, 
the participants were then encouraged to discern the DPs they 
wanted to integrate into their existing projects. The fit-gap 
analysis’ results were then compared across the projects and 
were thoroughly discussed to synthesize common themes and 
divergences in the SML-DPM application. To amplify the 
comparison, we calculated the difference between the applied 
DPs and the planned DPs (after the workshop) as an additional 
metric for the SML-DPM’s long-term impacts.

To ascertain the primary objectives of our investigation, we 
examined the ease-of-use, usefulness, and behavioral inten-
tion associated with the introduced intervention (Graf-Drasch 
et al., 2023; e.g., Sonnenberg & vom Brocke, 2012a; Zacha-
rias et al., 2022). The selection of these evaluative criteria 
was theoretically underpinned by the Technology Acceptance 
Model (TAM) (Davis, 1989), which is often applied in IS 
research to assess the adoption and utilization of novel IT 
artifacts (e.g., Baroni et al., 2022; McCoy et al., 2007). In line 
with our research question, the first evaluation criteria – ease-
of-use – focuses on evaluating the overall accessibility and 
simple usage of the SML-DPM, resulting in a positive attitude 
toward it (Davis, 1989), as the ML development stakeholders 
need to easily identify DPs that they can integrate into their 
own ML development process so that the effort is not unnec-
essarily increased. The second evaluation criteria – usefulness 

– focuses on whether the SML-DPM creates practical added 
value for the ML development stakeholders and can, therefore, 
increase the sustainability of the ML development process. 
The third evaluation criteria – behavioral intention – aims to 
evaluate the attitude and intention of the ML development 
stakeholders to use the SML-DPM eventually, as more and 
more ML models continue to be integrated, increasing the 
need to take greater account of their sustainability risks (Den-
nehy et al., 2023; van Wynsberghe, 2021). As there is no clear 
agreement in the IS community on which questions to pose 
for each evaluation category (Prat et al., 2014), we followed 
Zacharias et al. (2022) and Wormeck et al. (2024) by combin-
ing questions from multiple research endeavors which include 
the same evaluation criterion. Hence, we derived three ques-
tions per criterion from similar DSR approaches to opera-
tionalize the TAM framework. In this evaluation, a structured 
survey along a five-point Likert scale was disseminated to the 
workshop participants. This scale required them to express 
their concurrence or dissent with the presented statements 
by choosing a value from 1 (strongly disagree) to 5 (strongly 
agree). An overview of the survey and the associated ques-
tions per evaluation criterion appears in Appendix Table 7. 
The survey data analysis represents the concluding step of the 
final evaluation phase in the DSR process.

4 � Results

We will now present our research results, following the 
methodological procedure outlined in Section 3.

4.1 � Requirement Definition

Based on the identified problem (Section 1), grounded in the 
literature (Section 2), and justified in focus group 1 (Sec-
tion 5.1), we derived four key requirements. The first two 
key requirements, R1 and R2, refer to the superordinate arti-
fact, i.e., the SML-DPM, and its structure. The last two key 
requirements, R3 and R4, refer to the content of the artifact, 
i.e., the DPs.

[R1] End‑to‑end consideration of the ML development pro‑
cess  ML projects often get stuck in an experimental pilot 
phase without transitioning to productive value-adding 
applications (Benbya et al., 2021; Merhi, 2023b). Thus, ML 
projects often fail to live up to their intended outcomes or 
are even terminated prior to completion (Westenberger et al., 
2022). To successfully implement and fully grasp the real 
impact of ML models on sustainability, there is a need to 
consider all phases of the ML development process (Ver-
decchia et al., 2023; Wu et al., 2022). Hence, an end-to-end 
view of the ML development process is crucial for align-
ing the project to the problem’s requirements, ensuring data 
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quality, selecting appropriate models, successfully deploying 
them, and maintaining their performance over time.

[R2] Holistic view on sustainability  Sustainability goes 
beyond merely focusing on one dimension such as resource 
efficiency (Vinuesa et al., 2020). It involves an overarch-
ing view that considers factors such as systems thinking, a 
long-term perspective, social inclusivity, cross-disciplinary 
collaboration, and legal framework conditions, which go 
beyond purely environmental factors (van Wynsberghe, 
2021). Therefore, sustainability must be defined holisti-
cally and must encompass more than the environmental 
dimension.

[R3] Applicability of the design patterns for ML development 
stakeholder  The artifact must provide clear guidance on 
advancements toward more sustainable ML development. 
Hence, in line with the RQ, the derived results in the artifact 
need to be accessible and applicable to ML development 
stakeholders (Sonnenberg & vom Brocke, 2012b). Also, the 
DPs need to be usable for various distinct ML projects so 
as to ensure generality. Thus, the DPs should be ML model-
agnostic. This ensures practical relevance and fidelity with 
the real-world problem at hand (Sonnenberg & vom Brocke, 
2012a).

[R4] Clear assignment of the ML development stakeholders 
involved  During the ML development process, stakeholders 
from different areas need to work together to achieve suc-
cessful and sustainable development of ML (Kreuzberger 

et al., 2023; Papagiannidis et al., 2023). As there are dif-
ferent options for DPs in each of these areas, the DPs must 
be clearly assigned to one or more involved stakeholders 
to limit the solution space of potential DPs to their roles 
and responsibilities. This allows the stakeholders to identify 
DPs they can engage with and ensures the ease of use of the 
final SML-DPM and the associated DPs (Sonnenberg & vom 
Brocke, 2012a).

4.2 � SML‑DPM´s Design Description

In the following, we present the final design and struc-
ture of the SML-DPM (Fig. 2). In developing its design, 
we followed the four key requirements, R1 to R4. Based 
on the requirements R1 and R2, we chose a matrix layout 
that allows for a clear and comprehensive structure. First, 
the ML development process phases were included on the 
horizontal axis, enabling an end-to-end consideration of 
the whole ML development process (R1). For this purpose, 
we built on the four ML process phases: “ML Demand 
Specification”, “Data Collection and Preparation”, “Mod-
eling and Training,” and “Deployment and Monitoring” 
(Section 2.1). Second, we incorporated the sustainability 
dimensions on the vertical axis (R2). To provide a holistic 
view on sustainability, including the ESG factors, we drew 
guidance from the ESG dimensions (Section 2.2). Third, 
the resulting SML-DPM’s design allows clearly assignable 
DPs for ML development stakeholders, as each DP can 
be explicitly positioned in one ML process phase and one 

Fig. 2   The design and structure of the SML-DPM



2114	 Information Systems Frontiers (2024) 26:2103–2145

sustainability dimension (R3). We opted for this explicit 
and non-overlapping one-to-one allocation, which makes 
it clear when which DP is relevant and clearly applicable 
in one phase and dimension. Fourth, we included a clear 
assignment of each DP to one or more ML development 
stakeholders by inserting them in superscript after each 
DP (R4).

Further, each DP must follow a standardized tripartite 
structure to ensure generalizability in line with the meta-
requirements defined in section “Part II – Initial Artifact 
Development” in the research methodology to derive the 
DPs: 1) An action title must be defined according to a uni-
form structure regarding wording by using a verb and the 
object of investigation of the DP to briefly describe what 
is to be done to solve a general problem in a particular 
context (see the second meta-requirement). This compact 
and uniform structure of the action title across all DPs 
allows a quick and standardized entry point to the topic of 
SAI (Gamma, 1995; Gregor et al., 2020). 2) A DP must 
contain a theoretical description supported by the litera-
ture to provide justificatory knowledge (Jones & Gregor, 
2007). On the one hand, this theoretical description clearly 
states what the DP is about and what can be done with 
it to increase the sustainability of the ML development 
process (Gregor et al., 2020). On the other hand, support 
by literature means that the functionality and meaning-
fulness of each DP has already been explicitly described 
in two or more papers, e.g., in the form of a quantitative 

case study, a theoretical derivation, or a qualitative survey 
(see the first and third meta-requirement). This allows us 
to combine and harmonize the previous work, which is 
fragmented across several streams, on one level. 3) Each 
DP must be underpinned by a practical example and feed-
back from experts so as to ensure practical relevance and 
fidelity with the real-world problem at hand (Sonnenberg 
& vom Brocke, 2012a). This practical application-oriented 
focus enables the shift from pure theoretical principles to 
implementable best practices that practitioners have vali-
dated and can, therefore, be applied in the ML develop-
ment process.

4.3 � Design Patterns Description

The SML-DPM (Fig. 3) is divided into the ESG dimen-
sions on the vertical axis and the ML development phases 
on the horizontal axis. The environmental dimension 
encompasses 14 DPs, the social dimension 12 DPs, and 
the governmental dimension 9 DPs. In the following three 
subsections, each DP is introduced based on the tripartite 
structure described in the previous chapter. Therefore, the 
action title is provided first, followed by the theoretical 
description. We further provide the practical justifica-
tory knowledge from the interviews with domain experts 
for each DP. Due to the length, this is listed in Appendix 
Table 8.
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4.3.1 � Environmental Dimension

The environmental dimension consists of 14 DPs. The first 
phase ML Demand Specification is subdivided into three 
DPs:

The first DP “Assess Performance-Efficiency Trade-
offB, M, D”, centers on the equilibrium between the per-
formance (i.e., how well an ML model can accomplish a 
specific task required for an ML model to generate busi-
ness value) and the diminished energy efficiency of more 
sophisticated ML models or hyperparameter configurations 
(Naser, 2023). Among others, Brownlee et al. (2021) have 
shown that a drop in accuracy of 1.1% can lead to energy 
savings of up to 77%. Estimating the benefits of additional 
performance upfront vs. the environmental cost when the 
ML model is trained and deployed can support the decision-
making process on whether higher model accuracy justifies 
higher energy costs (A. Kumar, 2022; Schwartz et al., 2020).

Second, the DP “Decide on Environmental Infrastruc-
tureB, S” focuses on the infrastructure selection to reduce 
the carbon footprint per computing unit (Martínez-Fernán-
dez et al., 2023; Schneider et al., 2019). Practitioners must 
evaluate whether the computing power should be provided 
on-premise or in the cloud. Here, shifting workloads to 
regions supplied with renewable energy and carbon-efficient 
energy grids leads to a strong decline in carbon emissions 
(Henderson et al., 2022). Further, this lays the foundation 
for aligning the energy-intensive ML model training with 
the availability of renewable energy. Workloads should be 
scheduled flexibly according to times of renewable energy 
supply (Schneider et al., 2019).

Third, energy demand is largely determined by the fit 
between the ML model and the hardware used (Patterson 
et al., 2022), which is described in “Evaluate ML Model-
Hardware-FitB, M, S”. Li et al. (2016) elaborated that the 
combination of hardware setup and ML model influences the 
overall energy demand (D. Li et al., 2016). Further, several 
authors have analyzed tailored ML hardware architectures, 
substantially increasing the energy efficiency (Chen et al., 
2017; Esser et al., 2015). Thus, the fit between the hardware 
and ML model will guide the decision whether to train and 
deploy on-premise, adjust the infrastructure, or outsource to 
other providers (Wu et al., 2022).

For the second phase, Data Collection and Preparation, 
we derived four DPs:

First, “Promote Data Sparseness in Data Collec-
tionB, D, M” describes the tradeoff between the collection of 
more data points (e.g., through additional sensors or external 
server calls), thereby increasing the CO2-eq footprint and the 
performance increases associated with this data point (Sch-
neider et al., 2019). This can be achieved by gauging the 
performance increase of each data point before designing the 
acquisition (Yu, 2014). On a technical level, the sparseness 

can be embraced by using efficient data collection algo-
rithms (Rohankar et al., 2015; Xiang et al., 2013).

“Reduce Data DimensionalityD, M” embraces a set of 
techniques to reduce the energy impacts of datastorage and 
processing by mapping inputs from higher to lesser dimen-
sions without losing important information (Chhikara et al., 
2022; Reddy et al., 2020). Yu (2014) suggested assessing the 
quantity of data required for the desired performance level. 
Further, aggregating or dropping attributes can decrease 
the amount of data. Similarly, it may appear reasonable to 
investigate the effects of larger measuring intervals (for time 
series data) or smaller sample sizes (for cross-sectional data) 
to downsize the data (Reddy et al., 2020; Schneider et al., 
2019).

The importance of data retrieval and storage performance 
is growing, as many organizations shift their data to cloud-
based storage. At the same time, the volume of generated data 
continuously increases (Kuschewski et al., 2023). Therefore, 
the DP “Compress the Data StorageM, S” proposes reducing 
the required storage and network bandwidth and thus increas-
ing energy efficiency (Schneider et al., 2019). For instance, 
general-purpose compression algorithms such as Lempel–Ziv 
allow faster access to and manipulation of compressed data, 
which is especially useful if data are transferred across net-
works or are infrequently accessed (Schneider et al., 2019; 
Stolikj et al., 2012). Also, altering data formats per variable 
can further compress the demand for storage (Schneider 
et al., 2019).

Finally, the environmental efficiency can be improved 
by the DP of “Stage Preprocessed DataM, S”. Staging 
of preprocessed data reduces the need for recalculations 
(Vassiliadis, 2009). Schneider et al. (2019) suggested using 
intermediary stages of the processed data – such as features 
stores – to facilitate rapid modeling, as operations only need 
to be executed once. Further, the research has focused on 
the intelligent calculation of the time point to re-extract and 
re-transform the data when working with changing datasets 
(Vassiliadis, 2009).

The third phase, Modeling and Training, consists of four 
DPs:

The DP “Preselect Energy-Efficient ML ModelsM, S” 
focuses on selecting ML models from the perspective of 
an ML model’s lifetime carbon footprint in relation to its 
performance (Henderson et al., 2022; Strubell et al., 2019). 
It is advised to consider simpler ML models such as boosted 
trees instead of deep neural networks, pre-trained ML mod-
els, or transfer learning for ML models (Henderson et al., 
2022). Estimates such as the floating-point operations of an 
ML model can guide the decision process (Schwartz et al., 
2020).

Subsequently, the DP “Eliminate Inefficiency in ML 
Model ArchitectureM” focuses on reducing the energy 
consumption in the ML model architecture by optimizing 
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energy-intensive parts (Lee et al., 2023; Microsoft, 2023a). 
One example of model optimization in the context of arti-
ficial neural networks is utilizing optimized open-source 
code. For instance, pre-trained initializations can lead to 
more energy-efficient convergence (Xu, 2022). Kumar 
et al. (2020) suggested using profiling software (e.g., Java 
Energy Profiler and Optimizer) to get real-time suggestions 
for energy-saving adjustments.

Previous studies provided evidence that emissions from 
ML training can be significantly reduced when using servers 
in selected geographic regions at specific times (Dodge et al., 
2022; Xu, 2022). Therefore, the DP “Streamline ML Model 
Training ProcessM, S” describes the optimization of the ML 
training setup to allow flexible training schedules and to lever 
renewable energy. In-depth analyses of different techniques 
can be found in Xu (2022) and Radovanovic et al. (2023).

Finally, the DP “Optimize Hyperparameter Efficient-
lyM” focuses on the distinct energy consumption levels 
shown by different HPO techniques (Guido et al., 2022). For 
instance, Yarally et al. (2023) recommend avoiding random 
search for HPO. Further, warm-starting or zero-shot ML, a 
mechanism that integrates knowledge from previous execu-
tions into the current, improves the search process (Tornede 
et al., 2022; Wang et al., 2021; Yarally et al., 2023). Finally, 
pruning needs idiosyncratic consideration to improve HPO’s 
performance (Akiba et al., 2019).

The last phase, Deployment and Monitoring, contains 
three DPs that should be considered:

“Streamline ML Retraining FrequencyB, S” describes 
optimizing the ML model retraining cycles to avoid 
unneeded and energy-expensive retraining (Microsoft, 
2023b; Natarajan et al., 2022). To achieve this, practition-
ers must answer how often an ML model should be retrained 
(Schwartz et al., 2020). The two predominant approaches 
display the performance-efficiency trade-off. On the one 
hand, retraining models in fixed time intervals or based on 
conditions such as observed data drift are less accurate, but 
also less energy-intensive. On the other hand, constant ML 
model retraining is more energy-intensive but also more 
accurate (Microsoft, 2023b).

“Design Computationally Sparse ML ArchitectureS”, 
focuses on reducing the environmental costs associated with 
the inference phase of ML models. Considering storage, 
Donovan (2020) suggested analyzing the ML architecture 
regarding a) how long data must be stored, as storage uses 
much energy, and b) where data will be stored. For instance, 
for large datasets, on-premises storage may be more efficient 
(Donovan, 2020). Further, the inference type must be chosen, 
i.e., batch or real-time inference. The latter requires continu-
ous server uptime and, therefore, a higher energy demand 
(Natarajan et al., 2022). Despite computational limitations, 
multiple authors have advised using edge devices owing to 
lower energy consumption and latencies (Zhu et al., 2022).

The DP “Report and Monitor Environmental Sus-
tainabilityB, M” advises publishing and monitoring the 
power consumption, carbon emissions, training time, and 
hardware setup. Algorithmic and hardware advances have 
led to new generations of ML models with higher accuracy 
yet substantial energy consumption (Strubell et al., 2019). At 
the same time, ML researchers and organizations often omit 
the reporting of environmental-related metrics (Henderson 
et al., 2022). With advances in tracking and calculating 
energy demand and carbon emissions, it is easier to publish 
and monitor these metrics (Anthony et al., 2020; Budennyy 
et al., 2022; Strubell et al., 2019).

4.3.2 � Social Dimension

The social dimension consists of 12 DPs throughout the four 
ML development phases. We define social sustainability as 
an ML model’s fairness. Fairness and bias are highly dis-
cussed in the literature and are used interchangeably (Meh-
rabi et al., 2022). To foster consistent wording, we use fair-
ness (Kleinberg et al., 2017). We define fairness along the 
four elements of Colquitt (2001), who subdivide perceived 
fairness into distributive justice, procedural justice, interper-
sonal justice, and informational justice. Each DP focuses on 
one or more elements of this definition of perceived fairness. 
The initial phase, ML Demand Specification, contains three 
DPs and lays the foundation for a fair ML model:

ML models face a multitude of social concerns (i.e., fair-
ness) while simultaneously providing potentials to deliver 
positive social impacts (Ayling & Chapman, 2022; Tomašev 
et al., 2020). Therefore, “Assess the Social ImplicationsB, D” 
describes the examination of social objectives and potential 
social risks concerning the ML model and its system bounda-
ries. On the one hand, this addresses contingent consequences 
that may lead to a socially unfair outcome (Blackman, 2020; 
van Giffen et al., 2022). Further, an open exchange about the 
competing objectives of all stakeholder groups helps one to 
find an overall compromise between fairness, accuracy, trans-
parency, accountability, explainability, privacy, and security 
(Singh et al., 2022). On the other hand, the potentials for 
improving the social good should also be integrated into the 
decision process (Tomašev et al., 2020).

As highlighted in the introduction to this subsection, a 
holistic definition of fairness that covers each element is not 
possible (Kleinberg et al., 2017). Thus, the DP “Conceptu-
alize Definition of FairnessB, D, AT” focuses on the selection 
or development of a conception of fairness for the problem at 
hand. Whenever possible, existing definitions and metrics of 
fairness should be favored (Friedler et al., 2019). To achieve 
this, it may be helpful to discuss the application context with 
domain experts and business stakeholders to determine the 
key features to incorporate in the following model training 
phase (Bellamy et al., 2019; van Giffen et al., 2022).
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“Define Human Role in the Decision ProcessB, D” 
describes the interactions between humans and ML algo-
rithms (van Giffen et al., 2022). As ML models are inde-
terministic, they require careful user-model interface design 
(Amershi et al., 2019). Amershi et al. (2019) proposed guide-
lines for ML system design that ML developers can follow, 
while Fabri et al. (2023) developed archetypes of human-ML 
interaction that can supplement the process.

In the Data Collection and Preparation phase, three DPs 
help achieve a socially sustainable ML model:

The DP “Foster Accurate and Fair Data Collec-
tionD, M, AT” bundles mitigation techniques in the data col-
lection step to enhance the dataset’s fairness throughout the 
collection process. Several authors have shown that we must 
be aware of biases in the underlying data (Ferrara, 2023; 
Greshgorn, 2018; Holstein et al., 2019). For instance, in 
cancer care, the goal is to improve prevention. Thus, fair 
datasets may include additional factors such as ethnicity, or 
disability, so as to better reflect real-world circumstances 
(Dankwa-Mullan & Weeraratne, 2022).

“Understand and Establish Fairness in the Data-
setD, M, AT” describes the data analysis steps to identify social 
unfairness. Before ML developers can avoid potential obstacles 
to fairness in a dataset, they must first understand where unfair-
ness can occur (Holstein et al., 2019; Tang et al., 2023). Under-
standing a dataset and identifying possible areas of unfairness 
require data plotting, exchanges with domain experts, and even 
the design of proxy variables to identify relationships and rea-
sons for social biases (Ferrara, 2023; van Giffen et al., 2022). 
Gu et al. (2021) recommend using interactive tools for data 
analysis, as they provide a better understanding of data. After 
understanding sources of unfairness, ML developers can initi-
ate mitigation strategies (van Giffen et al., 2022).

Finally, “Leverage Fair Data SamplingD, M” describes 
the application of mitigation techniques in the data sampling 
steps (Fahse et al., 2021; Friedler et al., 2019). Several ML 
frameworks enable users to mitigate biases by pre-process-
ing datasets (e.g., AI Fairness 360) (Bellamy et al., 2019). 
Proposed techniques include oversampling, undersampling, 
stratified folds, and synthetic data generation (Ferrara, 
2023).

The Modeling and Training phase has three DPs that 
serve as levers for producing socially sustainable ML 
models:

First, the DP “Leverage Interpretable and Fair Mod-
elsB, M, AT” describes the prioritization of interpretable and 
fair ML models over ‘black box’ models whenever possi-
ble. Interpretable ML models enable individuals who lack 
a comprehensive statistical background to understand deci-
sions, detect errors, and bolster the due diligence process 
(Wang et al., 2023). Several studies have shown that inter-
pretable ML models can perform approximately as well as 
black box models while providing additional benefits (Nori 

et al., 2019; Wang et al., 2023). Further, models that were 
designed fairly can directly improve decision-making from 
a social perspective (van Giffen et al., 2022).

Second, “Conduct a Fairness EvaluationB, D, M, AT” 
represents a DP that seeks to do fairness-driven ML model 
evaluations. This is crucial to ensure that fairness is miti-
gated throughout the training phase. Pagano et al. (2023), 
Bellamy et al. (2019), and Weerts et al. (2023) proposed 
using tools such as AIF360, TensorFlow Responsible AI, 
and Aequitas, which help developers to identify fairness 
issues early on.

Third, "Adjust Model Parameters for FairnessM" 
focuses on integrating fairness mitigation techniques (e.g., 
layers, loss functions) into ML models. This starts with veri-
fying equalized odds in the ML model to guarantee the uni-
formity of false positives and negatives across all groups (van 
Giffen et al., 2022). If a need for adaptation is discovered, 
changes must be made to the ML model, from an adapted 
optimization to introducing an adversarial classifier alongside 
the regular model (Pagano et al., 2023; Zhang et al., 2018).

The last phase, Deployment and Monitoring, contains 
three DPs:

The first DP “Ensure Continuous (Human) Monitor-
ing​ for FairnessB, S, AT” entails the ongoing monitoring 
of ML model predictions and decisions in the real-world 
environment (Fahse et al., 2021). This can be achieved by 
establishing a continual process to evaluate the ML model 
for fairness of predictions as new data are integrated and 
the ML model is retrained (Burkhardt et al., 2019). Further-
more, one can consider interrogating ML model decisions 
for plausibility by humans in fixed intervals (van Giffen 
et al., 2022).

Second, “Convey ML Model Understanding to End 
UsersB, M” accounts for the perception of complexity and 
risk in the ML model prediction due to their non-determinis-
tic functionality (i.e., varying text outputs of large language 
models based on similar input prompts due to different ran-
dom number generators) (Baier et al., 2019; Westenberger 
et al., 2022). Especially since ML models are often user-
facing and hence have wide-ranging social implications, 
the results of the ML models need to be transparent or at 
least understandable for the end user (Singh et al., 2022; van 
Giffen et al., 2022).

Finally, “Enhance Transparency through Fairness 
MetricsB, M, AT” describes the improvement of ML model 
transparency by calculating, analyzing, and publishing fair-
ness metrics. Therefore, Pagano et al. (2023) proposed the 
collection of metrics such as equality of opportunity, demo-
graphic parity, and individual differential fairness. Further, 
introducing a multidifferential fairness auditor helps to ana-
lyze the results of classifiers regarding different groups with 
similar features (Gitiaux & Rangwala, 2019). Thus, this DP 
creates more transparency around an ML model’s decisions.
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4.3.3 � Governance Dimension

The governance dimension has nine DPs, of which four form 
the starting point for ensuring an ML model with a solid gov-
ernance framework for the ML Demand Specification phase:

First, the DP “Comply with Legal Frameworks and 
Company PoliciesB, D, AT” emphasizes the importance of 
the early evaluation of legal frameworks and company poli-
cies. Generally, regulation and transparency needs increase 
ML projects’ governance requirements, which lead to higher 
costs and potential legal or ethical issues (Laato et al., 2022). 
Thus, gathering information and examining applicable laws 
and regulations for the ML usage case is a crucial first step 
(Gill et al., 2022). Establishing an ML governance team as 
an ethical review board that oversees all ML projects in an 
organization is advisable so as to facilitate knowledge-shar-
ing (Floridi et al., 2018).

Second, “Compose Diverse and Interdisciplinary ML 
TeamB” describes the required composition of the ML 
project team, as diverse and interdisciplinary teams fos-
ter creativity and mitigate biases (Burgdorf et al., 2022). 
Organizations must keep the ML development closely 
aligned to ethics and must reflect on critical voices through 
conversations (Barocas & Boyd, 2017). Diverse teams are 
characterized by different experiences as well as social and 
domain-specific insights. This enables the development of 
both innovative approaches necessary for solving challeng-
ing problems and for mitigating social risks (Burkhardt, 
2019; Johnson et al., 2021). Thus, business stakeholders 
must account for ML team composition early in the ML 
demand specification (Barocas & Boyd, 2017).

Third, “Establish a Responsible ML MindsetB” 
describes a company’s inherited mindset among the ML 
stakeholders, especially the business stakeholders, regard-
ing social values such as inclusion and equality in the ML 
development process. This can be enabled by transferring 
the company values to ML design in a way that values sus-
tainability (Burkhardt, 2019). Concretely, Smith and Rustagi 
(2020) suggested establishing responsible ML practices as 
a key performance indicator and integrating them into the 
firm’s objectives and in individual performance interviews 
to drive awareness.

Fourth, „Promote ML the democratization of MLB, M 
“ describes the development of an ML-skilled workforce 
(Ng et al., 2021) to enhance the accessibility of ML (Sund-
berg & Holmström, 2023). Increased ML literacy leads to 
more employees being able to participate in developing ML 
models and levers more diverse research approaches (van 
Giffen & Ludwig, 2023). One frequently used framework is 
the four Cs of AI, in which low-level and easy-to-understand 
information about the ML model’s concept, context, capabil-
ity, and creativity is provided to the stakeholders (Talagala, 
2021).

In the second phase, Data Collection and Preparation, 
two DPs should be considered from a governance perspective:

The DP, “Establish Standards in Data Collection and 
PreparationB, M, AT”, fosters clear internal guidelines for 
data access, generation, and collection (Dankwa-Mullan & 
Weeraratne, 2022). While missing standards expose sen-
sitive data, with serious financial and reputational conse-
quences, standards enable the provision of clean, fair, and 
socially safe data (Gill et al., 2022). Thus, organizations 
must establish data collection and preparation standards such 
as meta-data catalogs, data lineage, and data ownership at a 
governance level (Cowls et al., 2023).

“Initiate Intra- and Interorganizational Data Democ-
ratizationB” should be facilitated, as ML models are devel-
oped based on domain-specific knowledge. Therefore, the 
access and competencies to understand data are necessary 
for successful ML implementation (van Giffen & Ludwig, 
2023). Democratization can occur inside and outside an 
organization. For the former, companies need to issue poli-
cies and foster data exchanges in the organization to facili-
tate the generation of business value (Harvard Business 
Review Analytics Service, 2020). The latter refers to open 
data exchange. By participating in data exchange for non-
critical data, an organization can contribute to and benefit 
from interorganizational ML research (De Saulles, 2020; 
Elgarah et al., 2005).

Considering the phase Modeling and Training, one DP 
applies at the governance level.

Contemporary ML models are often black-box models 
that are difficult to interpret regarding input and output data 
and the data processing in the ML model (Gao & Guan, 
2023). To achieve company-wide adoption and participation, 
ML models must be relatively interpretable (Grennan et al., 
2022). Interpretability refers to the extent to which a person 
can understand the reasoning behind a decision (Biran & 
Cotton, 2017; Miller, 2017). The DP “Introduce ML Model 
Transparency for Active ParticipationM, AT” encourages 
ML developers to apply interpretability methods during the 
development phase to embrace the discussion. These meth-
ods range from simple methods, such as an overview over 
the created input features, to allocate importance to global 
post hoc methods.

Considering the Deployment and Monitoring, there are 
two DPs:

First, the DP “Ensure Documentation and Publish-
ingB, M, S, AT” helps organizations to scale their ML efforts by 
documentation, publishing, versioning, and metadata manage-
ment of ML artifacts (e.g., code, training data) (Visengeriyeva 
et al., 2023). Besides development documentation, it is impor-
tant to aggregate model characteristics using toolkits such 
as datasheets, model cards, and model registries (Mitchell 
et al., 2019). Thus, it is essential to maintain documentation 
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throughout the entire ML development process to ensure 
reproducibility and usability.

Second, the higher the risk of potentially harmful deci-
sions, the more companies should engage in auditing ML 
models prior to deployment (Schulam & Saria, 2019). 
Therefore, “Engage in ML Model AuditingB, AT “ describes 
the formal audit process of ML models. “Algorithm Audit-
ing is the research and practice of assessing, mitigating, and 
assuring an algorithm’s safety, legality, and ethics” (Koshiy-
ama et al., 2021, p. 2). To mitigate the risk of inadequate 
auditing, Laato et al. (2022) proposed directly connecting 
the deployment testing to organizational audit goals, ensur-
ing ongoing auditing.

4.4 � SML‑DPM as a Web‑Based Prototype

After proposing generalized design knowledge, it needs to 
be brought to life (Jones & Gregor, 2007). Therefore, we 
developed a web-based prototype that facilitates the com-
munication of the SML-DPM and the associated DPs to 
practitioners and researchers. We followed Sommerville’s 
(2011) prototype development process.

The prototype’s objective, as derived from our research 
question, is to educate practitioners about DPs so as to facili-
tate sustainable ML development projects. The prototype is 
designed to enable both practitioners and researchers to easily 
identify relevant DPs and to incorporate them into their ML 
projects, enhancing their sustainability. Thus, simplifying 
the dialogue about the sustainability of machine learning (I 
– Prototype objectives). Thus, the prototype should motivate 
its users to prioritize sustainability in their ML projects by 
using easy and comprehensible language and should encour-
age and simplify conversations between researchers and prac-
titioners on sustainable ML development. It also provides 
detailed insights into the various DPs, ensuring that users can 
fully understand and apply them in their projects. Further, it 
should maintain the same flexibility level as the SML-DPM 
regarding the studied dimensions, allowing for a wide array 
of applications and adaptations (II – Prototype functionality). 
We illustrate the prototype across three categories of pages 
in Fig. 4.

The prototype was implemented in Vitepress,1 an extend-
able Markdown-centered static site generator. To facilitate 
the communication between researchers and practitioners 
and allow the extension of the DPs, we developed the web-
site openly on Codeberg2 and GitHub3 (III – Prototype devel-
opment). Finally, the evaluation of our prototype was thor-
oughly conducted in EVAL4 (IV – Prototype evaluation).

5 � Evaluation

Assessing a developed solution’s effectiveness, appropriate-
ness, and usefulness is a critical aspect of DSR (Sonnenberg 
& vom Brocke, 2012a). To demonstrate the proposed artifact’s 
novelty, relevance, and utility, we carried out four distinct 
evaluative activities, the methodology of which was detailed 
in Section 3. In the following, we will present the findings 
from the four evaluative activities (EVAL1 to EVAL4).

5.1 � Eval 1: Ex Ante Artificial Evaluation—Problem 
Justification

Having discussed our research’s significance in Sects. 1 
and 2, we justified the underlying problem based on the 
motivation and the literature presented in those two sec-
tions (EVAL1). First, the average number of ML projects 
carried out in companies has been anticipated to double 
approximately every year (Gartner, 2019). Accompanying, 
as elucidated in Section 1, ML holds the unintended risk of 
reflecting the implicit social bias at the expense of equality 
(Gupta et al., 2022; van Noorden & Perkel, 2023). Further, 
the amount of computing power needed to train current AI 
models has doubled every 3.4 months since 2012 (Amo-
dei & Hernandez, 2018; Debus et al., 2023). As a result, 
resource use has increased exponentially, while the aware-
ness of sustainability has also increased, for instance, 76% 
of green AI papers were published after 2020 (Merhi, 2023a; 
van Wynsberghe, 2021; Verdecchia et al., 2023). Second, 
only a small fraction of studies provide solutions or tools 
to foster sustainable ML development, and most focus only 
on ML during training (Verdecchia et al., 2023). While first 
research papers focus on the connection between sustain-
ability dimensions and ML development (cf. Section 2.3), a 
comprehensive approach that addresses each phase of ML 
development, offers clear recommendations for mitigating 
sustainability risks in an integrated manner, and incorpo-
rates feedback from practitioners is missing. Hence, there 
is a need for an applicable framework in practice to render 
the overarching ML development process more sustainable.

5.2 � Eval 2: Ex Ante Naturalistic Evaluation—Artifact 
Design

EVAL 2 was performed prior to the development of the 
artifact’s content (i.e., the DPs). As elucidated in Section 3, 
we conducted an academic focus group discussion to evalu-
ate the first design of the artifact. Table 4 summarizes par-
ticipant statements regarding and beyond the fulfillment of 
SML-DPM’s design decisions against the first three key 
requirements, R1 to R3. Comments with similar content 
were merged and sorted to the top.

1  https://​vitep​ress.​dev/
2  https://​codeb​erg.​org/​havsp​ect/​sml-​dpm
3  https://​github.​com/​havsp​ect/​sml-​dpm

https://vitepress.dev/
https://codeberg.org/havspect/sml-dpm
https://github.com/havspect/sml-dpm
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The participants confirmed that our outlined problem set-
ting is relevant and that providing clear operational recom-
mendations or actions measures for ML projects to increase 
their sustainability is crucial for both academia and prac-
tice. They found the SML-DPM’s design to be understand-
able and highlighted its simplicity as it follows a structured 
approach by proving uniformly structured DPs in a com-
prehensive matrix format. Notably, the participants found 
an end-to-end view of the ML development process useful, 
as there is often a strong focus on the purely technical ML 

model development and training in ML projects. Nonethe-
less, there was criticism regarding the multitude of DPs in 
our artifact. Based on this and on proposed mitigation strat-
egies, we included the fourth requirement, R4. The clear 
assignment of the stakeholder groups to the DPs allows to 
identify DPs they can engage with based on their area of 
expertise.

In sum, the participants supported the design of the 
SML-DPM and its underlying concept. They agreed 
that the SML-DPM covers all relevant phases of the ML 

Fig. 4   Web application of the SML-DPM: 1) landing page, 2) introduction to the overall SML-DPM, 3) exemplary representation of the DPs
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development process in a comprehensive way (R1). Further, 
they acknowledged that the SML-DPM provides a holistic 
view on sustainability and that it focuses on more than the 
often-predominant environmental dimension (R2). Finally, 
they also confirmed that our intended structure of the DPs 
allows them to be applicable to different ML developments 
and projects, which ensures generalizability (R3). Also 
considering R4, we inferred that the SML-DPM is the very 
first approach to comprehensively address the defined key 
requirements, which further supports the research need and 
design decisions of the SML-DPM.

5.3 � Eval 3: Ex Post Naturalistic Evaluation—Design 
Pattern

The ex post evaluation of the DPs was structured in three 
iterations. Each iteration led to a set of modifications to the 
DPs. For a transparent, detailed overview over all the adjust-
ments in each iteration, see Appendix Fig. 6. We will now 
describe the adjustments per iteration and will conclude with 
DP-agnostic findings from the interviews.

The first iteration – consisting of two focus groups – led 
to three major adjustments, resulting in 36 DPs. First, we 
revised and standardized the wording of all DPs to enable a 
direct understanding of what is meant by each. For instance, 
we changed the wording of “Focus Efforts on the Most 
Energy-Consuming phases to “Optimize the ML Model”. 
Second, we merged four DPs into two so that they became 
mutually exclusive, i.e., we merged “Measure the Energy 
Intensity” and “Quantify the Carbon Footprint”. Third, we 
moved three patterns into different ML development phases. 
Finally, several stakeholder allocations have been changed 
(Appendix Fig. 6).

Based on the first five interviews, we conducted a second 
iteration of the DPs, because we received similar inputs on 
a few DPs regarding their practical application, leading to 
four adjustments (Appendix Fig. 6). First, we introduced 
the two DPs of “Promote Data Collection Sparseness” 
and “Reduce ML Retraining” since these are crucial in 
the ML development process. Second, we shifted the DP 
of “Develop Corporate ML Literacy” to the phase of ML 

demand specification within the governance dimension and 
changed its wording to “Promote ML Democratization”. 
Third, we did three merges to improve the DPs’ unambigu-
ity. The second iteration resulted in 35 DPs.

Based on the last seven interviews, we conducted a 
third iteration with only two minor adjustments (Appendix 
Fig. 6). First, we merged “Define Guidelines to Scrutinize 
Model Predictions” into the DP of “Ensure Continuous 
(Human) Monitoring​ for Fairness”. Second, we slightly 
adjusted some DPs’ wording to ensure internal consistency 
across all of them by applying a uniform canonical structure 
(Sonnenberg & vom Brocke, 2012a). After gaining no more 
adjustments from three subsequent interviews, we concluded 
the SML-DPM development.

A particular focus in the SML-DPM development process 
was evaluating its practical value based on interviews with 
experts. Besides the insights we included in the descrip-
tion of the DPs, four global, pattern-agnostic insights were 
revealed, which we will now elucidate.

The relationship between today’s application of design pat‑
terns and increases in revenue  First, several interviews high-
lighted the relationships between revenue-increasing pat-
terns and application frequency in real-world settings. The 
context in E4 was particularly descriptive. Here, the inter-
viewee described the importance of the social dimension for 
his business by highlighting the relationships between trust, 
fairness, and revenue, which E4 described as “[…] in our 
business, trust is generated by the preservation of privacy, 
which is closely related to a model’s fairness. More trust 
can be seen in more customers and therefore more revenue.” 
The observation was grounded by E5, who described the 
regulatory constraints in his organization’s area of expertise 
and deduced that disregarding users’ privacy can lower both 
trust and revenue. He also stated that the DP “Assess Social 
Implications” is crucial when developing ML systems in 
areas with strong exposure to privacy-related data. Besides 
the social domain, this relationship was also described in 
other dimensions. Here, E3 and E8 emphasized the relation-
ships between the widespread application of environmental 
DPs and the associated increases in revenue.

Table 4   Qualitative comments on the design of the SML-DPM

Positive Negative

• Structuring action measures (i.e., the DPs) toward more sustainable 
ML development in a compact matrix form is helpful, as it provides a 
quick overview

• The SML-DPM solves a real problem that is relevant or is becoming 
increasingly relevant owing to the current hype around AI in academia 
and practice

• The end-to-end consideration of the whole ML development process 
is necessary, since ML development teams often primarily focus only 
on the pure modeling and training phase

• An overview over action measures may seem overwhelming at first 
glance

• A large number of different DPs could lead to stakeholders in an ML 
project not feeling responsible for them, because they are outside 
their area of expertise
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Environmental  sustainability  in  ML  implies cost  reduc‑
tions  The environmental sustainability dimension directly 
impacts the resulting costs, as highlighted by almost all 
the experts. Therefore, some underlying DPs are already 
considered in the current ML development, such as 
“Assess Performance-Efficiency Tradeoff”, “Reduce Data 
Dimensionality”, “Promote Data Collection Sparseness”, 
or “Streamline ML Retraining Frequency”. For example, 
the reduction of data dimensionality has a direct impact. 
For instance, reducing the data dimensionality directly 
impacts on the “[…] amount of memory required to hold 
the training data for ML model training […]” (E4) and, 
thus, directly impacts server costs. Further, promoting data 
collection sparseness in line with externally acquired data 
is reasonable “[…] because every external API call for new 
geospatial data causes us costs for the call itself as well 
as additional storage costs” (E8) or “[…] each additional 
data point requires new sensors, hardware to upload data, 
or additional data pipelines, which induce costs regard-
ing the economic and ecological dimension” (E4). Finally, 
a decision about the appropriate ML retraining frequency 
“[…] strongly impacts on cloud server uptime” (E3) and 
therefore deployment costs. In contrast, in the scientific 
domain, the DPs in the environmental dimension were less 
relevant since the costs were of secondary importance (E1, 
E2, E10).

Context‑dependency and its focal points for sustainabil‑
ity  Based on the interviews, we observed a first tendency 
for the DPs to be strongly context dependent. On the one 
hand, implementing individual DPs in the three sustain-
ability dimensions varied based on the industry context 
(E3, E4, E5, E7). Energy-intensive and CO2-eq-intensive 
companies (e.g., the manufacturing sector) are primar-
ily concerned with DPs from the environmental dimen-
sions, partly owing to stricter reporting requirements. E3 
described this as an “[…] increasing change in awareness 
due to sustainability reporting […],” which is now man-
datory. Further, this industry is now experiencing strong 
pressure on margins, which means that the cost savings 
resulting from the environmental DPs are coming into 
focus. On the other hand, industries that process more 
personal data (e.g., finance and telecommunication) and 
thus have a stronger social impacts focus, primarily on 
DPs from the social and governance dimensions, mainly 
because they are subject to strong legal requirements: “We 
need to be aware of the legal and social consequences of a 
data breach before we start any data analytics project and 
whether we want to do it at all.” (E5). We also noticed a 
stronger shift toward “ML Demand Specification” and the 
“Deployment and Monitoring “ phases, as laws must first 
be reviewed and the “[…] social as well as personal effects 
[…]” (E8) must be monitored closely.

The bigger, the better does not hold true for sustainability 
in ML development  To better understand this insight, we 
divided the explanation into a data stream and an ML model 
stream. First, within the data stream, we can observe a posi-
tive impact on model quality and user acceptance of DPs 
along all three ESG dimensions that have a data-centric 
focus, e.g., “Reduce Data Dimensionality”, “Understand 
Fairness in Dataset’, or ‘Initiate Intra- and Interorganiza-
tional Data Democratization’. E9 stated that “[…] fewer data 
with no or almost no missing data […] result in less noisy 
data, which are better suited for training our algorithms.” 
Similarly, “[…] elaborating in-depth on the underlying data 
lead us to better understand the class distribution and pos-
sible bias in the data. This allows us to sample meaning-
ful training data” (E10). Second, in the ML model stream, 
larger, energy-intensive, and resource-intensive ML mod-
els based on complex technical infrastructure are often too 
complex for multicriteria decisions. Thus, “we prefer simple 
models such as decision trees because it’s easier to under-
stand the input and output” (E6). In sum, the often-underly-
ing paradigm of ‘the bigger, the better’ in ML development 
does not hold true for sustainable ML development.

5.4 � Eval 4: Ex Post Naturalistic Evaluation—
SML‑DPM

To evaluate users’ intentions to lever the SML-DPM, we 
conducted a case study in three ML development teams 
using the web-based instantiation. We will now describe 
each case (Alpha, Beta, and Gamma) and then provide 
insights into the fit-gap analysis based on the 35 DPs for 
each case. A detailed overview of the status of each DP 
– i.e., the DP has been considered, will not be considered, 
or will be considered in the future – in each case appears in 
Appendix Table 9. Finally, we will describe the evaluation’s 
results regarding the ease-of-use, usefulness of the SML-
DPM and the behavioral intentions toward it.

Case Alpha: Explainable ML product quality prediction in 
manufacturing  The ML team consisted of two people from 
the stakeholder groups B, M, and S. The project focuses 
on predictive quality algorithms for the printed circuit 
board assembly in two electronics manufacturers. It aims 
to develop explainable ML-based predictive quality algo-
rithms to enable early intervention in the production pro-
cess of printed circuit board assembly. To achieve this, a 
consolidated data warehouse was implemented to store het-
erogeneous data sources from various production and test 
lines, resulting in more than two billion data points per year. 
Different tabular ML models are being developed and bench-
marked under considerations of explainability approaches 
such as Shapely Additive Explanations. The model per-
formance will be continually monitored and evaluated by 
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production specialists to enable timely adjustments of pro-
cess parameters and to minimize rejects.

In sum, 14 DPs were considered in the project, and 12 
DPs will be considered in the future. In the project, the team 
was confronted with a multi-year dataset of high-frequency 
production data. Thus, the team initially prioritized DPs 
aimed at enhancing performance, reducing data points, and 
evaluating the ML model-hardware fit. However, during the 
workshop, they recognized opportunities to lower green-
house gas (GHG) emissions by compressing existing data 
and levering optimized algorithms. Since they were among 
the first teams to work with these data, they realized the 
potential to set data collection and preparation standards by 
modeling the data structure according to clear rules, i.e., 
multilayer schema and standardized data models. Moreover, 
given the data’s sensitivity, encompassing shift details and 
proprietary production knowledge, the team applied multi-
ple DPs to ensure adherence to legal standards, regulatory 
compliance, and interpretable models. In this vein, the team 
plans to “Convey ML Model Understanding to End Users” 
based on the interpretable models. Finally, particularly in the 
governance dimension, two DPs stood out. First, the team 
early settled on “Initiate Intra- and Interorganizational Data 
Democratization” by anonymizing data to exchange results. 
Second, based on the DP “Promote the democratization of 
ML”, the team conducts half-day workshops to increase the 
acceptance of ML.

Case Beta: ML‑based sustainability optimizations in the print‑
ing industry  This ML team consisted of three people from 
the stakeholder groups M, S, and AT. Overall, the project 
develops ML services for a sustainable printing industry 
by reducing resource consumption through the detection 
of anomalies. First, a solution space of 16 ML use cases 
was derived, focusing on reducing resource consumption 
in industrial newspaper printing processes to identify con-
spicuous consumption and abnormal deviations. The team 
had to merge energy and mechanical process data in a man-
aged cloud database and conducted subsequent time series 
data aggregation to reduce the amount of data. Based on 
the aggregated time-series dataset, the team will implement 
different ML models and will deploy the best-performing 
models on-site at a project partner.

In sum, the project incorporated 10 DPs and intends to 
explore 10 additional DPs in future work. During the work-
shop, it was highlighted that the participants had previously 
concentrated primarily on the technical development of ML 
prototypes, with less attention to their long-term sustain-
ability. Nonetheless, the integration of certain DPs, par-
ticularly those relating to the environmental dimension, has 
begun. Monitoring GHG emissions has been a key focus of 
the technical lead in pinpointing opportunities for enhance-
ment in subsequent projects. During the workshop, the team 

collectively expressed surprise at the multitude of potential 
DPs in the social dimension. There was unanimity about the 
fact that they had overlooked this aspect in the past. In light 
of the proposed DPs, the team concurred on the necessity to 
evaluate their work’s social implications, and they commit-
ted to helping end-users to better understand the technology.

Case Gamma: ML automation in the financial sector  This 
ML team consisted of three people from the stakeholder 
groups D, M, and S. The project aims to develop smart data 
and ML solutions to automate the classification of erroneous 
customer documents in financial services. Most of the devel-
oped use cases provide internal improvements rather than 
external facing innovations. During the “ML Demand Speci-
fication”, it was identified that manual checking of customer 
documents in rules-based processes is time-consuming and 
error-prone. To address this issue, an extended data lake 
was implemented to store historical and new customer docu-
ments. Different ML models were developed and compared 
to classify different document types. The best-performing 
model was deployed to automate the classification process. 
The team focused on the deployment architecture and on 
evaluating the ML models’ impacts on human experts.

In sum, 14 DPs are already considered in the project and 
6 DPs will be considered in the future. While the team was 
faced with sensible financial information and decisions, they 
only rarely focused on the social impact of their work and as 
such the DPs linked to the social domain. The omission of 
the social DPs originated from the strong regulations within 
the financial sector, which left the team with a limited scope 
of action. To comply with the regulatory requirements, the 
ML team has already employed nearly all DPs in the gov-
ernance dimension and felt to sufficiently comply with the 
social dimension. However, after identifying new DPs, the 
team jointly agreed to focus more on the inclusion of inter-
pretable and fair models as well as to enhance the transpar-
ency through fairness metrics. Further, the team highlighted 
different maturity levels within each DP. For example, the 
DP ‘Compress Data Storage’ was identified by the software 
developer as the DP with the greatest leverage due to the 
rudimentary implementation to date.

Overall evaluation and implications  Figure 5 offers a com-
prehensive breakdown of each evaluation metric, the under-
lying three questions, and the project’s results.

The feedback on the SML-DPM was predominantly posi-
tive across all three metrics. Participants in the case study 
were particularly favorable to the statements pertaining to 
changes in behavioral intentions. We also recognized oppor-
tunities to enhance the artifact’s usefulness. Specifically, 
the case Gamma emphasized the need for more examples 
to improve the usefulness in developer meetings. There-
fore, we included the section on practical examples in the 
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prototype. The results in the behavioral intention category 
underlined our research’s idea that a set of comprehensible 
and actionable DPs can lead to a shift towards more sustain-
able ML development. Overall, the number of DPs that the 
teams plan to incorporate in the development process was 
1.8 higher than the number of employed DPs. In conjunction 
with the strong evaluation of the participants’ behavioral 
intention to continue using the artifact and to focus on ML 
development projects’ sustainability, we could confirm that 
the SML-DPM is applicable in real-world environments. 
The case studies showed that applying the SML-DPM can 
increase sustainability awareness in ML projects owing to 
its compact, multidimensional design while simultaneously 
highlighting the potential to integrate additional DPs.

From analyzing the case study results (i.e., selection 
of DPs and workshop recordings), we inferred the three 
following observations. First, the four overarching themes 
identified from the expert interviews were affirmed by the 
case studies. For instance, the relationship between cost-
saving potential, especially for environmental DPs, and 
application was shown. Second, based on the results from 
the case studies, we identified first insights into recur-
ring relations between different DPs. For instance, in case 
Gamma, the team highlighted the relation between some 
governance and ML demand specification DPs and DPs in 
the first two phases of the social dimension. In case Beta, 
the team highlighted the relations within the environmental 
dimension by outlining the need to estimate the required 
performance beforehand (i.e., “Assess Performance-Effi-
ciency Tradeoff”) to make suitable choices in the Mod-
elling and Training phase. Based on the case results, the 
results from the interviews, and logical reasoning within 
the authors’ team, we could identify two types of relation-
ships. On the one hand, DPs can require other DPs to be 

performed beforehand. On the other hand, DPs can improve 
other DPs but are not mandatory beforehand. An exam-
ple of the former is the “Define Human Role in Decision 
Process” which is required to perform fairness evaluations. 
For the latter, the DP “Design Sustainable ML Architec-
ture” enacts an example since it is significantly improved 
by several environmental DPs throughout the development 
process. Furthermore, the relations highlighted that the 
dimensions of social and environmental have little overlap. 
Contractionary, the dimensions of social and governance 
have many relations. Besides the complex interactions, only 
a few DPs were mentioned as requirements for another DP. 
For instance, in case Alpha and Gamma both project teams 
started to enhance the access to and understanding of data 
to enable the promotion of ML democratization. Overall, 
we could derive multiple key4 DPs that were identified as 
relevant among each case study, albeit sometimes imple-
mented and sometimes on the implementation roadmap. In 
the social dimension, two DPs were either implemented 
by all case teams or soon to be implemented. In the first 
phase (i.e., ML Demand Specification) the definition of the 
human role in the decision process was a recurring theme 
that has already been implemented by all teams. The second 
DP that has been identified as a key DP is the use of fair 
and interpretable models. Within the discussions, the case 
teams agreed that both DPs represent easy-to-implement 
DPs and, therefore, enacted as starting points for socially 
sustainable ML. In the environmental dimension, a panoply 
of DPs was identified as key DPs among each case study. 
The teams uniformly describe the relationship between 

Fig. 5   Evaluation results of the 
SML-DPM

4  DPs were identified as ‘key’ when the DP was already implemented 
or on the implementation roadmap for each of the three case studies.
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economic savings, budget limitations, and time restric-
tions as reasons for the implementation of the environmen-
tal DPs. For a comprehensive overview of the key DPs, 
we refer to Appendix Table 9. Finally, in the governance 
dimension, the DPs “Comply with Legal Frameworks and 
Company Policies”, “Establish Standards in Data Collection 
and Preparation”, and “Ensure Documentation and Publish-
ing” were identified as key DPs. However, there was no 
clear link between implementation or implementation inten-
tion in each case study. Third, within the three case studies, 
we could observe external influencing factors – i.e., mainly 
legal and reporting requirements, regulatory compliance, or 
shareholder expectations—which make the implementation 
of certain DPs less relevant. For instance, in case Gamma, 
the strong regulations in the financial sector, such as the 
Banking Supervisory Requirements for IT (Leuthe et al., 
2024), led to multiple guidelines for collecting and storing 
customer data, which made some social DPs obsolete. Addi-
tionally, in case Alpha, as the company is privately owned 
and therefore sustainability reporting obligations are only 
necessary to a limited extent, the DP “Report and Monitor 
Environmental Sustainability” is currently less relevant. 
Hence, those two observations directly relate to the third 
insight identified in the third evaluation, highlighting the 
context dependency for sustainability of the DPs.

In conclusion, we can confirm that the SML-DPM can 
improve the sustainability of ML development processes. 
Each case study team acknowledged that they want to 
include more sustainability practices in the ML develop-
ment process after working with the SML-DPM, as shown 
in the strong evaluations in the behavioral intention category. 
At the same time, they mentioned some potential ways to 
improve the applicability and ease-of-use of the artifact. 
Especially in case Gamma, the project team – driven by 
numerous regulations in their agile development flow – kept 
reiterating the importance of an effortless and gentle inte-
gration into existing development workflows. Therefore, 
further iterations of the artifact should focus on its useful-
ness in sprint reviews to make the adoption of SML-DPM 
in recurring meetings easier. Nevertheless, the three case 
studies underscored that the SML-DPM can facilitate the 
sustainable development of ML throughout the ML develop-
ment process, underscoring that the SML-DPM solves our 
research question.

6 � Discussion

In the following discussion, we will delve into the contribu-
tions of our study (Section 6.1), explore its theoretical impli-
cations (Section 6.2), and consider the practical implications 
for the field (Section 6.3).

6.1 � Contribution

With the rapid advancement of ML development, there 
are growing concerns about sustainability risks (Fahse 
et al., 2021; Gill et al., 2022; Henderson et al., 2022). To 
mitigate these risks and enable the different ML develop-
ment stakeholders to take action, there is a need for more 
sustainable ML development (Schoormann et al., 2023; 
Wu et al., 2022). Although efforts in SAI have recently 
increased in the literature and in practice (Luccioni et al., 
2022; Schoormann et al., 2023; Schwartz et al., 2020; 
Tornede et al., 2022), they remain fragmented and lack 
practical perspectives as well as comprehensive design 
approaches (e.g., Dennehy et al., 2023; Gill et al., 2022; 
Verdecchia et al., 2023). To fill this research gap, we 
set out to answer the research question: What are design 
patterns that ML development stakeholders can incor-
porate to increase the sustainability of the ML develop-
ment process? In this vein, DPs are based on the princi-
ples of providing tangible proven solutions to recurring 
problems — such as ensuring the sustainability of ML 
— by codifying complex knowledge in an applicable and 
accessible way in contrast to rather abstract design prin-
ciples (Dennehy et al., 2023; Gamma, 1995; Gregor et al., 
2020). From a practical perspective, DPs are a solution 
to tackle new and recurrent challenges, such as increas-
ing the sustainability of the ML development process. 
From a theoretical perspective, DPs enable to structure 
and unify concrete solutions for a specific challenge at 
hand by abstracting the design knowledge to the same 
level and deriving structuring elements such as dimen-
sions or focus areas (Dickhaut et al., 2023; vom Brocke, 
Winter, et al., 2020). Thus, we derived the SML-DPM, 
which embraces 35 DPs for increased sustainability in the 
ML development process. To design a valuable artifact, 
we built on two research streams. First, we orientated to 
the ESG concept. Second, we inferred the ML lifecycle 
by relying on the four ML process phases and attributed 
the DPs to clearly defined ML development stakehold-
ers. Overall, The SML-DPM was developed along a four-
step DSR approach. To ensure the SML-DPM’s practi-
cal relevance, it was developed in close alignment with 
four practical requirements, an artificial evaluation in a 
focus group, and naturalistic evaluations in multiple focus 
groups and interviews with experts (Gregor & Hevner, 
2013). Moreover, based on a demonstration in three case 
studies, the SML-DPM’s ease-of-use, usefulness, and 
behavioral intention in line with the TAM were evalu-
ated (Davis, 1989; Sonnenberg & vom Brocke, 2012a). 
This led to three main contributions:

First, the SML-DPM bridges the gap between the ESG 
sustainability concept and the end-to-end ML develop-
ment process. Previously, the research into sustainable 
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ML projects was fragmented across various disciplines, 
with, e.g., social fairness studied independently of envi-
ronmental sustainability (Gupta et al., 2022; van Giffen 
et  al., 2022; Veit & Thatcher, 2023). The SML-DPM 
unifies these research dimensions into a single artifact, 
reflecting sustainability’s multifacetedness, encompass-
ing environmental, social, ethical, and governance aspects 
(Pappas et al., 2023). The ESG dimension’s structure the 
artifact on the y-axis, while the end-to-end ML develop-
ment phases structure it on the x-axis. This accounts for 
phase-specific sustainability concerns, as all the phases of 
an ML project must be considered if one is to achieve sus-
tainable ML (Papagiannidis et al., 2023). This contributes 
van Wynsberghe (2021), who defined SAI as “a movement 
to foster change in the entire lifecycle of AI […]”. Thus, 
the artifact adds to the integration of sustainability and 
digital transformation, echoing the research agendas of 
Vassilakopoulou and Hustad (2023) as well as Mikalef 
et al. (2022).

Second, we provide the 35 DP with justificatory knowl-
edge from expert insights. We synthesized the extant 
SAI knowledge through a systematic literature review 
enriched with focus group discussions and interviews 
with experts. The resulting and validated DPs are spe-
cific to each cell (i.e., a combination of the sustainabil-
ity dimension and the ML development phase) and are 
clearly assigned to one or more ML development stake-
holders. This became particularly clear in the two natu-
ralistic evaluations (EVAL3 and EVAL4) as the DPs must 
be clearly identifiable for each stakeholder and suitable 
for the current ML development phase of the project. Yet, 
to enact their potential instead of providing ineffective 
intelligence, the DPs need to be precisely described, inte-
grable in existing workflows, padded with examples, and 
straightforwardly communicated (see EVAL4). Overall, 
the application of DPs in the realm of sustainability and 
ML highlighted the suitability of DPs to aggregate and 
convey solutions to recurring problems. Furthermore, the 
DPs, which provide an easy entry point to SAI through 
their standardized tripartite structure (i.e., action title, 
theoretical description, and practical justificatory knowl-
edge), enable one to increase the sustainability of the ML 
development process, which is a relevant building block 
for an overarching responsible digital transformation that 
is ethical and sustainable (Pappas et al., 2023; Veit & 
Thatcher, 2023). This contributes to the call for action 
on how organizations can optimize their digital transfor-
mation projects’ sustainability impacts, considering their 
entire lifecycle (Pappas et al., 2023). Here, especially 
the DPs in the social and governance dimension make it 
possible to counteract the digital divide phenomenon as 
reducing digital inequalities is critical for a sustainable 
digital transformation (Vassilakopoulou & Hustad, 2023). 

For instance, the DPs provide clear mitigation strategies 
for the three major sources of algorithmic bias (Akter 
et al., 2021): 1) data bias addressed by “Leverage Fair 
Data Sampling” and “Understand and Establish Fairness 
in Dataset”, 2) method bias addressed by “Leverage Fair 
and Interpretable Models” and “Adjust Model Parameters 
for Fairness”, and 3) societal bias addressed by “Establish 
Standards in Data Collection and Preparation” and “Com-
pose Diverse and Interdisciplinary ML-Team”.

Third, we contribute by providing extensive naturalis-
tic insights into the SML-DPM’s application based on its 
web-based prototype. On the one hand, we derived four 
global, pattern-agnostic insights (i.e. “the bigger the bet-
ter does not behold true for sustainability in ML”). These 
insights allow further theorizing on the interaction between 
sustainability and ML. On the other hand, in the three ML 
case studies (EVAL4) based on “Case Alpha: Explainable 
ML product quality prediction in manufacturing”, “Case 
Beta: ML-based sustainability optimizations in the printing 
industry”, and “Case Gamma: ML automation in the finan-
cial sector”, we could highlight the importance of covering 
all the sustainability dimensions (Case Beta), each develop-
ment phase (Case Alpha and Gamma), and the stakehold-
ers (Case Beta and Gamma). In this vein, the SML-DPM 
has been proven to show new and applicable DPs that can 
be used in the ML development process. Above all, the 
SML-DPM can specifically stimulate discussion in ML 
teams about which practices are necessary to increase the 
sustainability of the ML development process owing to its 
compact multidimensional structure, which is necessary 
for SAI. To support the selection and prioritization pro-
cess, we further extracted preliminary findings about the 
relations between different DPs. The web-based prototype 
contributes to stimulating the discussion by providing an 
accessible path for researchers and practitioners to incor-
porate sustainable practices. Thereby following the calls of 
Shneiderman (2021) and Dennehy et al. (2023) to provide 
actionable research.

6.2 � Theoretical Implications

There are two primary theoretical implications of our 
study and its resulting SML-DPM, as they bring together, 
structure, and enrich existing knowledge on how to 
increase the sustainability of the ML development pro-
cess and lay the foundation for further theorizing in the 
SAI field.

First, our work has opened a new discussion on how 
to structure SAI and, subsequently, what SAI comprises 
regarding clear and implementable practices. We spe-
cifically investigated the relationship between the end-to-
end ML development phases and the three sustainability 
dimensions of environmental, social, and governance. 
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Thus, the results shed light on the end-to-end process 
view of ML by opening a discussion about the different 
phases of ML development and the unique sustainability 
challenges faced in each of these (Papagiannidis et al., 
2023). We hereby extended the quest to include an addi-
tional perspective on resource allocation in ML develop-
ment projects (Papagiannidis et al., 2023; Pappas et al., 
2023). This is particularly important for the value-crea-
tion of ML projects, since it provides a clear picture of 
how different phases and resources are levered to create 
business value while considering sustainability (Enholm 
et al., 2022; Vial et al., 2023). We thereby extend previ-
ous works by Rohde et al. (2024), who evaluated sustain-
ability along the phases of organizational ML embedding 
with a more granular perspective. Regarding the sustain-
ability dimension, the research has predominantly focused 
on one of the three dimensions (c.f. Fahse et al., 2021; 
Schneider et al., 2023; Verdecchia et al., 2023). However, 
Veit and Thatcher (2023), among others, have highlighted 
the importance of a joint consideration of the dimensions 
when focusing on sustainability in IS. We have responded 
to this call by enabling researchers to build on our dimen-
sions to develop artifacts that contribute holistically to 
SAI, such as SAI archetypes and development paths or 
maturity levels of the DPs. Moreover, we extend this 
structure (i.e., the relationship between the ML devel-
opment phases and the sustainability dimensions) by 
including the different ML development stakeholders 
and linking them to actionable practices (e.g., the DPs) 
to address challenges in the SAI field. This dimensional 
link is noteworthy, since it focuses on a human-centric 
perspective, which overall constitutes the IS discipline 
(Vössing et al., 2022). Thus, multiple researchers from 
different disciplines (e.g., computer science, law, ethics, 
and IS) can join the discussion about mitigating the sus-
tainability risks associated with the ‘dark side of AI’. A 
discussion that has intensified over the past few years in 
academia (Rohde et al., 2021; Schoormann et al., 2023; 
Verdecchia et al., 2023), while a clear output-driven dis-
cussion toward implementable practices has only emerged 
in recent examples (Dennehy et al., 2023; Patterson et al., 
2022; Polyviou & Zamani, 2023; Shneiderman, 2021). 
Notably, Rohde et al. (2024) made the first endeavor in 
this realm by providing assessment indicators for sus-
tainable ML development along the EESG (i.e., environ-
mental, ecological, social, and governance) dimensions 
and phases of organizational ML embedding. While their 
managerial focus (i.e., by focusing on a broad develop-
ment process and indicators) provides a valuable assess-
ment tool, our work provides researchers with a specific 
framework for the actionable sustainability improvement 
of ML projects. Researchers may contribute to this dis-
cussion by extending our efforts and deriving specific 

consequences of action per stakeholder or by developing 
a more nuanced understanding of each stakeholder’s roles 
in relation to sustainability. Further, researchers could 
build upon the preliminary relationships between the DPs 
in each phase and dimension to provide holistic govern-
ance frameworks that promote sustainability holistically. 
Overall, the SML-DPM contributes to the nascent IS field 
that focuses on SAI by providing a multidimensionally 
structured framework. Hence, our results emphasize the 
importance of discussing SAI by shifting from a one-
sided to a multifaced perspective.

Second, by presenting the 35 DPs and validating them 
with subject-matter experts, we have responded to calls 
for research into merging hitherto fragmented theoretical 
knowledge and validating it with practitioner views, facil-
itating theorizing toward sustainable AI (Veit & Thatcher, 
2023; Verdecchia et al., 2023). The derived 35 DPs in 
their entirety can serve as an impetus for a nascent design 
theory in the field of SAI (Jones & Gregor, 2007). Jones 
and Gregor (2007) describe eight components that make 
up a design theory, including principles of form and func-
tion and justificatory knowledge. Thus, the DPs could be 
levered as a basis for the principles of form and function 
as those should serve as a blueprint for conducting sus-
tainable ML development projects. In this vein, related 
works on nascent design theories subdivided those prin-
ciples into the hierarchical structure of design require-
ments, design principles, and lastly, design features as 
their smallest unit (e.g., Dickhaut et al. (2023), Herm 
et al. (2022), Jonas et al. (2023)). As such design features 
represent measures for action, our extensive number of 
35 DPs can be used as a basis for those. Thereafter, these 
design features are aggregated into a distinct number of 
design principles to meet the design requirements raised. 
For instance, an exemplary design principle of “Provide 
explanations” to meet the design requirements “Increase 
end user trust” and “Increase ML system accessibility” 
could contain the design features “Leverage Interpretable 
and Fair Models”, “Convey ML Model Understanding to 
End Users”, and “Introduce ML Model Transparency for 
Active Participation” resulting from our DPs (Herm et al., 
2022). Additionally, the insights derived from the expert 
interviews and the three case studies may act as foun-
dations for the justificatory knowledge. Such a nascent 
SAI design theory can further guide the improved under-
standing and creation of solution-oriented guidelines, 
key components, and theoretical knowledge on how to 
design sustainable AI systems along their entire lifecycle, 
i.e., prescription for SAI´s design and action (Gregor & 
Hevner, 2013; Jones & Gregor, 2007). Furthermore, the 
use of DPs to provide reusable development and manage-
rial patterns adds to a growing stream of research which 
seeks to provide actionable practices for researchers and 
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practitioners while maintaining the generalizability to 
derive further theoretical leaps (see Papagiannidis et al., 
2023; Lu et al., 2024). While the aforementioned stream 
is predominantly driven by structured literature reviews, 
we add another perspective to incorporate practical 
insights in the development by following the DSR pro-
cess. The collection of DPs in the SML-DPM facilitates 
the discourse in ML research to identify new artifacts 
to improve the ML development process’ sustainability. 
Moreover, we went one step further than the SML-DPM, 
establishing four overarching insights that highlight the 
relationships between different sustainability dimensions 
and the DPs in real-world settings, providing input for 
justificatory knowledge in the realm of a nascent design 
theory (Jones & Gregor, 2007). The first two insights 
(i.e., "the relationship between today’s application of 
design patterns and revenue advances” and “environmen-
tal sustainability in ML implies cost reductions”) connect 
to the technical and economic performance in terms of 
revenue and cost with a sustainability dimension. This 
extends insights from previous research in the green IS/IT 
domain about the relation between green IT/IS and eco-
nomic benefits to the development of ML models (Veit 
& Thatcher, 2023). Further research could systematically 
analyze the relationships between cost reductions, rev-
enue increases, and the proposed DPs to increase sustain-
ability. Additionally, based on the expository instantia-
tion of the SML-DPM as a web-based prototype to make 
the artifact more tangible and to conduct a case study 
in three ML development teams, we are able to observe 
increased behavioral intentions of the ML development 
stakeholders to include further, albeit different (Appen-
dix Table 9), DPs toward enhancing the sustainability 
of their ML developments in their respective industries. 
In this vein, the third insight (i.e., “context-dependency 
and their focal points for sustainability”) emphasizes the 
importance of context and organizational goals in ML 
sustainability research. We thereby enrich the research of 
Merhi (2023a), who identified organizational culture (i.e., 
values and implemented practices) as one of the enablers 
of responsible AI development with a practical valida-
tion. Consequently, organizations cannot employ all pre-
sented DPs to enact sustainable AI development because 
the resources of organizations are limited, and the change 
towards sustainable AI development has only recently 
started. Yet, the presentation of our DPs in interviews 
and the three cases highlighted the potential to extend 
current application levels. For instance, research on social 
DPs could leverage the strong relationship between the 
application of DPs and the potential for cost-savings, 
which was affirmed in the three case studies, to increase 
the application of social DPs. Additionally, the applica-
tion could be increased by accessibly presenting social 

DPs for technical-oriented project teams (see EVAL4). 
The fourth insight (i.e., “the bigger the better does not 
behold true for sustainability in ML development”) high-
lights the conflict of the economic, environmental, and 
social dimensions, as the current race towards bigger and 
better ML models counteracts the sustainability dimen-
sions (Margherita & Braccini, 2023; Pappas et al., 2023). 
A development which has, e.g., recently spiked in large 
language model development to provide compact and sus-
tainable responsible models (Banks & Warkentin, 2024). 
Hence, those naturalistic insights allow researchers to 
develop measurement instruments to help practitioners 
assess the progress and, therefore, measure the behavioral 
intentions in their efforts. All in all, the SML-DPM adds 
to the SAI knowledge base by consolidating knowledge 
from previously separate research streams (e.g., ‘green 
AI’, ‘sustainability of AI’, ‘fairness in AI’, and ‘respon-
sible AI’) enriched with practical insights and lays the 
foundation for further theorizing and understanding of 
SAI endeavors.

6.3 � Practical Implications

From a practical perspective, the SML-DPM holds two pri-
mary implications for the decision-makers and the stake-
holder groups in the ML development process (e.g., busi-
ness stakeholders, domain experts, software developers) that 
especially became evident in our interviews and the three 
case studies.

First, the different stakeholders can lever the SML-
DPM to capture the status quo and to develop a vision 
regarding the sustainability of the ML development pro-
cess. In practice, ML projects are typically complex and 
versatile. Thereby, the four concise ML development 
phases on the SML-DPM’s x-axis specify the key steps 
when planning and executing ML projects from a higher-
level perspective, ensuring applicability independently of 
the chosen ML development process. The subdivision on 
the y-axis clearly depicts which DP promotes which of 
the three sustainability dimensions, facilitating a rigorous 
consideration of all pertinent sustainability dimensions by 
practitioners. Thus, the SML-DPM provides the different 
stakeholders with a coherent and conclusive picture of the 
DPs for increasing the sustainability of the ML develop-
ment process and mitigating sustainability risk associated 
with the ‘dark side of AI’ (Mikalef et al., 2022; Schoor-
mann et al., 2023). This will become increasingly impor-
tant in the upcoming years, as, on the one hand, more 
and more ML projects are conducted in organizations 
(Gartner, 2019; Merhi, 2023b), and, on the other hand, 
sustainability reporting will be demanded more strongly 
or even become mandatory, aiming at improving transpar-
ency about corporate sustainability performance (Truant 
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et al., 2023). Hence, especially given the predominant 
position of the ESG framework in sustainability reporting 
due to, e.g., the EU´s corporate sustainability reporting 
directive (European Parliament, 2022), our SML-DPM 
allows practitioners to align their sustainability reporting 
duties with their efforts to increase the sustainability the 
ML development process. In particular, in the chapters on 
digitalization projects in the corporate ESG sustainability 
reports, the SML-DPM can be used as input for structur-
ing the reported ML sustainability initiatives. Thus, this 
simplifies the embedding of SAI practices in organiza-
tions. As part of this organizational embedding, the SML-
DPM can also be used to facilitate meaningful strategic 
discussions among the various ML stakeholders, e.g., in 
recurring meetings such as sprint reviews in agile ML pro-
jects. Those discussions can, specifically in conjunction 
with the list of sustainability ML indicators from Rohde 
et al. (2024), serve as a foundation for a self-assessment. 
As shown in the three case studies, practitioners can use 
the SML-DPM as part of a fit-gap analysis to systemati-
cally review the sustainability measures of their ML pro-
jects. The resulting insights allow them to derive a desired 
target state within their efforts toward SAI. Consequently, 
the SML-DPM acts as a diagnostic tool to gain insights 
into blind spots, capture the status quo, and derive an SAI 
vision. Further, providing a web-based instantiation of the 
SML-DPM ensures the widespread communication of the 
results.

Second, the SML-DPM guides the different stakehold-
ers in implementing DPs for the sustainable development 
of ML. At a higher level, the SML-DPM provides a holis-
tic overview structured along practically known sustaina-
bility dimensions and clearly assigned to the stakeholders 
(A. Kumar, 2022; T.-T. Li et al., 2021). In detail, the DPs 
provide methodological support and act as a simple point 
of entry, as they are easy to understand. Thus, ML devel-
opment stakeholders can use the SML-DPM to identify 
DPs that fit their role (e.g., business stakeholder, domain 
expert), the current project phase (e.g., “Modeling and 
Training”), and the sustainability focus (e.g., environmen-
tal). In the event that the DPs are applied and communi-
cated to the end users, this can lead to an increase in trust 
in both the ML development process and in the resulting 
ML system. This is crucial for harvesting the potential 
benefits from AI and for fostering trust and resilience 
at a societal level (Dennehy et al., 2023; Dubber et al., 
2020). This adds to recent academic discourse on shift-
ing from pure principles to implementable recommenda-
tions and practices (Dennehy et al., 2023). By using our 
SML-DPM, researchers and practitioners can integrate 
the DPs into their development workflows to ensure the 
sustainability of their ML development. Here, the web-
based instantiation provides an easy point of entry that 

can facilitate the discussing and implementing the DPs. In 
this sense, Schwartz et al. (2020) emphasized the impor-
tance of integrating sustainable practices even when only 
researching for more performant ML models. Further, it 
is not enough to only apply the DPs once when designing 
and deploying an ML system; rather, there is a need for 
continual consideration as for instance new data emerge 
or environmental conditions change (Papagiannidis et al., 
2023). Nonetheless, integrating additional DPs poses the 
challenge of increased complexity in the development 
process. How to balance the sustainability gains and the 
introduced complexity is a tough task, yet it is some-
thing that organizations willing to focus on increasing 
sustainability ought to consider. For instance, Hugging-
Face offers the possibility to publish the amount of CO2 
emitted for publicly available ML models and provides 
a native solution to finding low-emission ML models. 
Indeed, while much more needs to be done, it is promis-
ing that pioneering firms such as HuggingFace are tak-
ing important steps that will bolster the sustainability of 
AI, irrespective of a company’s size (Gupta et al., 2022; 
Polyviou & Zamani, 2023).

6.4 � Limitations and Further Research

Our research has limitations regarding the SML-DPM, the 
derived DPs, the evaluation, and associated findings; these 
offer avenues for further research.

First, the wide-ranging motivation and holistic problem 
definition (i.e., three sustainability dimensions and four 
ML process phases) limits the scope for the collection of 
DPs that are both extensive enough that there is enough 
literature and specific enough to derive applicable and 
domain-agnostic DPs. Thus, we have not provided prac-
titioners with ready-to-use solutions, but abstract DPs 
that must be translated into engineering practices. Sec-
ond, one limitation relates to the SML-DPM’s structure, 
which was influenced by the design decisions taken and 
the four key requirements. The SML-DPM is designed to 
achieve internal consistency and comprehensiveness by 
aligning with established ESG sustainability dimensions 
and the four ML process phases. This design approach 
primarily follows a deductive perspective, focusing on 
established ESG dimensions rather than the triple bottom 
line. However, future work could explore the develop-
ment of decision principles from an inductive perspec-
tive, in which measures toward SAI are derived from 
empirical data. Third, while we provide the first indi-
cations regarding the relations between different DPs, 
the complex intervention should be further analyzed in 
subsequent works. One avenue for future research is the 
use of a quantitative approach to account for potential 
interactions among DPs and should highlight positive and 
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negative reinforcements. This could enable the deviation 
of generalizable knowledge about the implementation of 
sustainable ML and foster discussions. For instance, fur-
ther research could analyze how social and environmen-
tal DPs could be intervened to bolster both dimensions 
simultaneously. Fourth, while expert interviews and case 
studies are a proven approach to explore an emerging phe-
nomenon, individuals’ perspectives are highly subjective. 
Although we consulted experts from different organiza-
tional contexts (e.g., industry, size), we cannot guarantee 
that we have covered all the relevant perspectives on the 
DPs, since ML is a constantly evolving topic (Dennehy 
et al., 2023). Here, future research can use a confirma-
tory study (e.g., a Delphi study) to substantiate our DPs, 
and can refine or extend them. Also, further studies can 
extend our case study insights by performing longitudinal 
case studies to provide insights on the uses of our DPs in 
real-world scenarios and provide practical implementa-
tion guidelines. Especially the extension of the DPs with 
design features or practical implementations could sig-
nificantly enhance their usability. Furthermore, the evalu-
ation of DPs in relation to key performance indicators 
could strengthen the DPs.

7 � Conclusion

As ML models continue to be integrated more rapidly, the 
associated sustainability risks are only slowly becoming 
recognized (Cowls et al., 2023; van Wynsberghe, 2021). 
Yet, as more and more ML models are deployed, giv-
ing them an ever-greater influence, it is important to do 
so with a focus on sustainability to reduce its potential 
negative impact on environmental sustainability and 
social fairness (Gupta et al., 2022; Papagiannidis et al., 
2023; Schoormann et al., 2023). To address this issue, 
previous work in the field of SAI must be consolidated, 
made operational, and enriched by practical perspectives, 
enabling to increase the sustainability of the ML develop-
ment process (Dennehy et al., 2023; Shneiderman, 2021; 
Verdecchia et al., 2023). Therefore, we developed the 

SML-DPM, a holistic framework providing practition-
ers from research and practice with guidelines to develop 
sustainable ML projects. Our framework provides 35 
DPs along the entire ML development process (i.e., “ML 
Demand Specification”, “Data Collection and Prepara-
tion”, “Modeling and Training”, and “Deployment and 
Monitoring”) segmented within the ESG dimensions (i.e., 
“environmental”, “social”, and “governance”) and attrib-
utes them to five ML development groups (e.g., “Domain 
Expert”). The SML-DPM was developed along a four-step 
research approach based on the DSR-paradigm (Hevner 
et al., 2004; Peffers et al., 2007) and the evaluation pat-
terns of Sonnenberg and vom Brocke (2012b) in close 
alignment with four literature-grounded key requirements. 
Four distinct evaluation activities (i.e., Eval 1–4) were 
conducted using naturalistic evaluations through focus 
groups and semi-structured interviews with subject mat-
ter experts, followed by an evaluation in three real-world 
case studies (e.g., “Case Beta: ML-based sustainability 
optimizations in the printing industry”) using a web-
based instantiation to prove the SML-DPMs applicabil-
ity, completeness, and usefulness. This process ensures 
the satisfaction of all four design requirements and 
makes the SML-DMP a foundation for future research 
whose relevance will drastically increase as it bridges 
the gap between the ESG sustainability concept (relevant 
for organizations) and the end-to-end ML development 
process (relevant for the value-creation of ML projects). 
Notwithstanding the limitations of the SML-DPM based 
on its deductive design decisions and the compact rep-
resentation of the DPs, we are confident that our study 
on the ML development process’ sustainability provides 
researchers and practitioners with a novel overview and a 
systematic understanding of the sustainable development 
of ML. We expect the results to serve as both a founda-
tion and stimulation for fellow researchers to continue the 
growing scientific discussion in the SAI field. We con-
sider this work to be a cornerstone of advanced research 
into the sustainable development of ML and SAI as a 
whole in future work.

Figure 6
Table 5

Table 6
Table 7
Table 8
Table 9
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Appendix

Fig. 6   Iterative development of the DPs
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for Fairness 

      x   x x      x  x         x       x       

Convey ML-Model 
Understanding to 

End Users 

          x     x x           x     x        x 

Enhance 
Transparency 

through Fairness 

Metrics 

         x      x x  x         x     x         
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Table 5   (continued)
G

ov
er

na
nc

e ML demand 
specification 

Comply with Legal 
Frameworks and 

Company Policies 

         x x     x x  x               x     x  x 

Establish a 

Responsible ML-

Mindset 

          x      x                 x        

Compose Diverse 

and Interdisciplinary 
ML-Team 

      x             x        x       x      x 

Promote ML 

Democratization 
          x                 x      x    x  x  

Data 

collection 

Establish Standards 
in Data Preparation 

and Collection 

             x     x                     x  

and 
preparation 

Initiate Intra- and 
Interorganizational 

Data 

Democratization 

             x              x      x    x    

Modeling 
and training 

Introduce Model 

Transparency for 

Active Participation 

         x      x   x         x      x       x 

Deployment 

Engage in ML-
Model Auditing 

         x    x   x  x   x  x                  

Ensure 

Documentation and 
Publishing 

   x  x     x   x     x    x     x      x       x 

Table 6   Saturation rate over the 
three iterations

Iteration 1 Iteration 2 Iteration 3

#No. of new DPs 0 2 0
#No. of DP modifications 16 13 3
#No. of DP eliminations or mergers 3 1 1
#No. of DPs at the start of the iteration 39 36 35
Saturation 0.5128 0.5596 0.8857

Table 7   Evaluation metrics and questions of the EVAL4

Evaluation Metrics Question Source

Ease-of-use I find the SML-DPM to be accessible (Adipat et al., 2011; Zacharias et al., 2022)
I consider it easy to interact with the SML-DPM
I find the SML-DPM easy to use

Usefulness The SML-DPM helps me to identify DPs to increase the sustainability of 
ML development

(Davis, 1989; Meske & Bunde, 2022)

The SML-DPM helps me to make sustainable design decisions in the whole 
ML development process

I would use the SML-DPM as a basis in ML projects (e.g., in sprint 
reviews)

Behavioral intention I will focus more on sustainability during an ML project in the future (Iivari et al., 2021)
I plan to implement one or more of the DPs in my project
I will use the SML-DPM in the future to gain inspiration for sustainable 

ML development
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Table 9   Classification of the DPs based on the three case study projects

Classification of the DPs

Sustainability
Dimension

ML Development
Phase

Design Pattern Project Alpha Project Beta Project Gamma

Environmental ML Demand
Specification

Assess Performance-Efficiency Tradeoff → √ -
Decide on Environmental Infrastructure - → -
Evaluate ML-Model-Hardware-Fit √ - →

Data Collection
and Preparation

Promote Data Sparseness in Data Collection √ - →
Reduce Data Dimensionality → √ →
Compress Data Storage → √ √
Stage Preprocessed Data √ → →

Modeling and
Training

Preselect Energy-Efficient ML Models √ √
Eliminate Inefficiency in ML-Model Architecture - - √
Streamline ML-Model Training Process → → →
Optimize Hyperparameter Efficiently √ → →

Deployment and
Monitoring

Streamline ML Retraining Frequency → → √
Design Computationally Sparse ML Architecture √ - -
Report and Monitor Environmental Sustainability - → -

Social ML Demand
Specification

Assess Social Implications √ → -

Conceptualize Definition of Fairness - - -

Define Human Role in Decision Process → → →

Data Collection
and Preparation

Foster Accurate and Fair Data Collection √ - -

Understand and Establish Fairness in Dataset - - -

Leverage Fair Data Sampling → - -

Modeling and
Training

Leverage Fair and Interpretable Models √ √ √

Conduct Fairness Evaluation - - -

Adjust Model Parameters for Fairness → - -

Deployment and
Monitoring

Ensure Continuous (Human) Monitoring for Fairness → √ -

Convey ML-Model Understanding to End Users → → -

Enhance Transparency through Fairness Metrics - - √

Governance ML Demand
Specification

Comply with Legal Frameworks and Company Policies √ √ →

Compose Diverse and Interdisciplinary ML-Team → √ →

Establish a Responsible ML-Mindset - - →

Promote ML Democratization √ - →

Data Collection
and Preparation

Establish Standards in Data Collection and Preparation → √ →

Initiate Intra- and Interorganizational Data Democratization √ - √

Modeling and
Training

Introduce ML-Model Transparency for Active Participation √ → -

Deployment and
Monitoring

Ensure Documentation and Publishing √ √ →

Engage in ML-Model Auditing - - →
Sum (√) 14 10 6
Sum (-) 9 15 14
Sum (→) 12 10 14

√Design pattern is already considered
→Design pattern will be considered in the future
-Design pattern will not be considered
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