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Abstract

Algorithms used in the public sector, e.g., for allocating social benefits or predicting fraud, often require involvement from
multiple stakeholders at various phases of the algorithm’s life-cycle. This paper focuses on the communication issues between
diverse stakeholders that can lead to misinterpretation and misuse of algorithmic systems. Ethnographic research was con-
ducted via 11 semi-structured interviews with practitioners working on algorithmic systems in the Dutch public sector, at local
and national levels. With qualitative coding analysis, we identify key elements of the communication processes that underlie
fairness-related human decisions. More specifically, we analyze the division of roles and tasks, the required skills, and the
challenges perceived by diverse stakeholders. Three general patterns emerge from the coding analysis: (1) Policymakers,
civil servants, and domain experts are less involved compared to developers throughout a system’s life-cycle. This leads to
developers taking on the role of decision-maker and policy advisor, while they potentially miss the required skills. (2) End-
users and policy-makers often lack the technical skills to interpret a system’s output, and rely on actors having a developer
role for making decisions concerning fairness issues. (3) Citizens are structurally absent throughout a system’s life-cycle.
This may lead to unbalanced fairness assessments that do not include key input from relevant stakeholders. We formalize
the underlying communication issues within such networks of stakeholders and introduce the phase-actor-role-task-skill
(PARTS) model. PARTS can both (i) represent the communication patterns identified in the interviews, and (ii) explicitly
outline missing elements in communication patterns such as actors who miss skills or collaborators for their tasks, or tasks
that miss qualified actors. The PARTS model can be extended to other use cases and used to analyze and design the human
organizations responsible for assessing fairness in algorithmic systems. It can be further extended to explore communication
issues in other use cases, design potential solutions, and organize accountability with a common vocabulary.
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1 Introduction

Algorithms are increasingly being used for predicting
various forms of public sector services such as allocating
benefits in the domains of education, (mental) health, and
detecting fraud in allowances and taxes (Rodolfa et al. 2021,
2020; Williamson 2016; Van Veenstra et al. 2019; Hoekstra
et al. 2021). These applications can be beneficial, but can
also have detrimental consequences for citizens in high-stake
scenarios, such as fraud detection and risk assessment. Noto-
rious examples where incorrect predictions led to wrong-
ful accusations of minorities is the COMPAS case in the
US.! Other cases in the Netherlands, such as the SyRI—case2
and the Childcare Benefit Scandal® sparked a lot of debate
and the latter eventually led to the resignation of the Dutch
government.*

Nowadays, the problem of fairness in AL’ is widely
recognized in well-established legal and ethical guidelines
(Commission et al. 2020; European Commission and Tech-
nology 2019; Commission 2021).

Previous research suggests that practitioners face diffi-
culty in adapting the proposed fairness guidelines to their
use cases, and that practical tools and methods are still
needed (Floridi et al. 2018; Amarasinghe et al. 2020;
Holstein et al. 2019). There can be a disconnection with
the fairness guidelines and the additional ethical and legal
frameworks that public practitioners already need to deal
with (Fest et al. 2022). At the same time, the data literacy at
public organizations may not be mature enough to fully rec-
ognize ethical issues when applying data practices (Siffels
et al. 2022).

According to the European Commission’s Ethics guide-
lines on trustworthy Al (European Commission and Tech-
nology 2019), an important step in supporting Al fairness
assessment includes involving and educating all stakehold-
ers about their roles and needs throughout the Al system’s
life-cycle. Algorithmic models are always part of a process

! Correctional Offender Management Profiling for Alternative Sanc-
tions (COMPAS): the software used to predict the risk of a person
recommitting a crime was more inclined to falsely accuse African-
American offenders than Caucasian offenders, see for instance (Meh-
rabi et al. 2021; Fass et al. 2008)

2 SyRI legislation in breach of European Convention on Human
Rights. https://edu.nl/xjubf

3 The Dutch childcare benefit scandal, institutional racism, and algo-
rithms. European parliamentary questions https://edu.nl/y3h3;.

* Dutch Government resigns over Child Benefit Scandal https://www.
theguardian.com/world/2021/jan/15/dutch-government-resigns-over-
child-benefits-scandal.

5 Fairness in this context, refers to fair outcomes a principle which
indicates an absence of prejudice or favoritism toward an individual
or group based on their inherent or acquired characteristics through
algorithmic decision-making (Mehrabi et al. 2021).
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driven by the stakeholders’ choices and norms (Suresh and
Guttag 2021). Throughout the algorithms’ life-cycle, design
decisions are made that codify crucial social values, from
data-oriented phases (eg. which data to collect and how to
label them) to model-oriented phases (eg. feature engineer-
ing, what is considered a good model), to execution-ori-
ented phases (e.g. how to assess model outcomes) (Lee et al.
2019; Amershi et al. 2019; Haakman et al. 2020). These
choices can influence the results and can therefore have an
impact on people, including those whose data is used (Baro-
cas et al. 2021).

In the public sector, the need for involving diverse actors
and stakeholders in algorithm development is important
for ensuring that public interest is prioritized, and potential
harms are minimized (Stapleton et al. 2022). For instance,
when allocating benefits in the public sector, it has to be
decided which data features represent ‘eligibility’ for a social
benefit (Barocas et al. 2019). Also, the punitive (eg. detect-
ing a crime) or assistive (e.g. allocating a benefit) nature
of policy interventions might require balancing trade-offs
between false-positive or false-negative rates (Saleiro et al.
2018; Rodolfa et al. 2020). Involving diverse stakeholders,
roles, and task divisions are also design choices that can be
evaluated for fairness assessment.

A solely technical approach to fairness is therefore insuf-
ficient when it comes to addressing all the normative deci-
sions made by the involved stakeholders throughout the
algorithm’s lifecycle (Lee et al. 2019). In this research, we
take a socio-technical perspective on the algorithmic system
and refer to fairness assessment as the process of evaluat-
ing the extent to which the algorithm and its output is free
from bias, discrimination, and other forms of unfairness
towards different groups, individuals, or communities (Baro-
cas et al. 2019; Friedler et al. 2019; Corbett-Davies et al.
2017). We investigate these fairness assessments through
the choices and practices applied by stakeholders at each
phase of the algorithm’s life-cycle that can potentially lead
to undesirable effects of bias and unfair outcomes (Suresh
and Guttag 2021). We will analyze the internal communi-
cation processes® between direct stakeholders’ involved in
fairness-related human decisions, by identifying the roles,
the divisions of tasks, the required skills, and the potential

% With internal communication we refer to communication between
collaborating partners such as decision-makers, end-users, develop-
ers, etc. as opposed to external communication, which refers to com-
munication with the general public (Fest et al. 2022).

7 Direct stakeholders are the people who use or operate an Al sys-
tem, as well as anyone who could be directly affected by someone
else’s use of the system, intentionally or not. In some cases, custom-
ers are direct stakeholders, while in other cases they are not. Madaio
etal. (2022)
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communication challenges between diverse actors occurring
throughout the algorithm’s life cycle.
The research questions we address are the following:

e RQI: Which actors, roles, tasks, and phases can be iden-
tified in multi-stakeholder interactions throughout an
algorithm’s life-cycle when assessing fairness?

e RQ2: How is information about fairness assessments
communicated between diverse actors involved through-
out the algorithm’s life-cycle?

e RQ3: What characteristics of actors, roles, and tasks lead
to communication issues in fairness assessments?

To answer these questions, we conducted an ethnographic
study via 11 semi-structured in-depth interviews with public
practitioners working on algorithmic systems in fraud and
risk assessment use cases. We identified who makes deci-
sions about what, and in which phase of the algorithm’s life-
cycle. Additionally, we analyzed the interview transcripts
to identify the (co-)occurrences of mentioned actors, roles,
tasks, phases, and challenges and labeled them through in
vivo, descriptive, and process qualitative coding analysis
(Saldafia 2013). From the emerging coding patterns, we
found a lack of information exchange among different roles
and actors regarding the interpretation of the model outcome
and a lack of involvement of the relevant roles and actors at
the right phase. These communication issues indicate inad-
equate model governance such as missing roles, skills, and
information exchange which can lead to misinterpretation of
model outcomes, and potentially to the inability to recognize
and address fairness issues throughout the algorithm’s life-
cycle. These findings are characterized and structured in the
phase-actor-role-task-skill (PARTS) model to characterize
the structure of the communication processes identified from
the qualitative coding.

PARTS enables to specify the relations and interactions
between the identified concepts. Moreover, PARTS is intro-
duced with the longer term objective to be reused and pos-
sibly extended with other use cases concerning multi-stake-
holder collaborations, and to promote a common vocabulary
around fairness assessments.

2 Related work

In the Dutch public sector, multiple stakeholders from pri-
vate and public organizations often collaborate at various
phases of the algorithm’s life-cycle (Hoekstra et al. 2021;
Spierings and van der Waal 2020).

Stakeholders can be involved at different moments and
places depending on their roles and tasks and, therefore,
responsibilities can become diffused across a network of

multiple actors simultaneously (Wieringa 2020; Bovens
2007).

Related empirical field research has been conducted
to investigate data practices of Dutch local governments
(Siffels et al. 2022; Fest et al. 2022; Jonk and Iren 2021).
For example, Siffels et al. (2022) argue that with the process
of decentralization, many tasks from the central government
were delegated to municipalities without giving them more
resources and capacities.

As aresult, municipalities use data practices to deal with
additional tasks and to distribute limited (social) resources.
Due to a lack of data literacy, public servants are unable to
recognize ethical issues and thus seek collaboration with
external partners.

The latter can lead to “The problem of many hands”
which is sometimes referred to the decreased ability to be
transparent and responsible because parts of the algorithm’s
life-cycle are outsourced to different stakeholders (Siffels
et al. 2022; Cobbe et al. 2023).

In another field research, Jonk and Iren (2021) performed
semi-structured interviews with key personnel and decision-
makers at 8 Dutch municipal organizations to investigate the
actual and intended use of algorithms (Jonk and Iren 2021).

They found that there is a lack of common terminology
and algorithmic expertise not only at a technical but also at
a governance and operational level.

The authors argue that municipalities would benefit from
a governance framework to guide them in the use of tools,
methods, and good practices to handle potential risks.

Furthermore, Fest et al. (2022) investigated how higher
level ethical and legal frameworks influence everyday prac-
tices for data and algorithms used in the Dutch public sec-
tor (Fest et al. 2022). They investigated public sector data
professionals at Dutch municipalities and the Netherlands
Police. They found that the practicality of proposed frame-
works remains a challenge for practitioners because they
typically do not feel competent or miss the required skill set
to make decisions regarding responsible and accountable
data practices. Data professionals, as a result, get too much
autonomy and discretion in handling questions that belong
at the core of public sector operations.

The authors argue that efforts need to be put into the
operation and systematization of legal and ethical questions
across the data science project life-cycle.

Outside of the Dutch public sector, research on public
algorithms has been conducted in the fields of human—com-
puter interaction (HCI), science and technology studies
(STS), and Public Administration (PA) (Holten Mgller et al.
2020; Lee et al. 2019; Saxena et al. 2021). For instance,
Saxena et al. developed a framework for high-stakes algorith-
mic decision-making in the public sector (ADMAPS) where
they qualitatively coded data from in-depth ethnographic

@ Springer
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study on the daily practices of US child welfare caseworkers
and prior literature (Saxena et al. 2021).

Frameworks and theories from various domains have
been proposed to characterize the dynamics of interactions
amongst a network of actors (Ropohl 1999; Latour 1999).
Actor-Network-Theory (ANT) and mediation theory, for
example, describe the relations and interactions within
a network of (artificial and natural) actors (Latour 1992,
1994, 1999). Following ANT, interaction with technology
is never neutral as it influences or mediates the way we
carry out our tasks and decisions. On the other hand, tech-
nology is continuously mediated by our social aspects, e.g.,
in formulating goals and other design decisions. A related
approach to describe the context of reciprocal interactions
between human actors and technology is that of the socio-
technical systems (STS) (Ropohl 1999). STS is not reserved
for technology alone, it rather stresses the interactive
nature of social and technical structures within an organi-
zation and society as a whole. This term is increasingly
used in the field of Al to assess fairness and ethics from
a broader normative context in which actors interact and
operate as opposed to focusing on individual actors alone
(Chopra and SIngh 2018; Dolata et al. 2022). Additionally,
frameworks have been proposed to investigate networks
and power structures. Following the tripartite model for
ethics in technology, three main roles can often be iden-
tified through their responsibilities: the developer, who
goes about the technical input, the user who goes about
the use of the system, and the regulator’s role, responsi-
ble of taking the “value” decisions (Poel and Royakkers
2011). Research on the use of automated systems for public
decision-making has shown to shift discretionary power
from the regulator roles to system analysts and software
designers, often making them the main decision-makers
(Bovens and Zouridis 2002). Whereas decision-makers
from public organizations are often involved in the pro-
curement and deployment phase, developers, sometimes
from third parties, tend to be more involved in the devel-
opment phase (Wieringa 2020). When developers become
the main decision-makers for design decisions then this
can exclude those stakeholders without technical knowl-
edge in important value decisions for the system (Kalluri
2020; Danaher 2016). These imbalanced power dynamics
can ultimately lead to a form of technocracy, where govern-
ance and (moral) decision-making are based on technologi-
cal insights and may only yield technological “solutions”
(Poel and Royakkers 2011). Lastly, in computer science

8 An ontology can be understood from a philosophical perspective
referring to “the nature and structure of reality”. From a knowledge
engineering perspective, however, it refers to the modeling of a struc-
ture of a system—by organizing relevant concepts and relations (Gua-
rino et al. 2009). They are also described as “conceptual schemas”,
“formal specifications of a conceptualization” and as “the abstract
and simplified view of the world we wish to represent and describe

@ Springer

research, tools such as ontologies® and knowledge graphs
can be used to characterize communication structures and
knowledge exchange between actors (Guarino et al. 2009).
The AIRO (Al risks and fairness ontology) have been pro-
posed to underpin the AI Act’ (Golpayegani et al. 2022).
Moreover, the FMO ontology structures knowledge for
fairness notions, metrics, and the relations between them
(Franklin et al. 2022).

We propose that what is still missing in previous work is
a clear framework to characterize the communication struc-
tures (and issues) between diverse actors with different skill
sets that underlie fairness-related human decisions through-
out the algorithm’s life-cycle. Following the above frame-
works and theories, we assume a perspective of a socio-
technical interactive network, in which fairness assessments
for algorithms are understood as part of a governance struc-
ture where actors with different roles and tasks interact with
the system. We conduct interviews to specifically focus on
interactions by means of internal communication exchange
and challenges that might arise between diverse actors in
the Dutch public sector. The communication challenges
are finally characterized in a conceptual framework. With
this conceptual framework, we aim to provide a structured
approach to the planning and auditing of communication
processes around technical-decision making in the public
sector.

3 Methodology
3.1 Semi-structured interview

We conducted 11 semi-structured interviews with each one
divided into three sections and lasting an hour. We formu-
lated the interview transcript in an open-ended manner,
where participants were able to share their information in
their own words whilst following a general structure of top-
ics (Fujii 2018; Goede et al. 2019). Before conducting the
interviews, participants received some example questions
and a short description of the research. At the start of the
interview, participants gave their consent for collaboration.
The questions are added for reference in table 4 in the appen-
dix and can be divided into three main categories:

Footnote 8 (continued)

in a language that is understandable by humans and/or by software

agents” (Antoniou et al. 2005; Guarino et al. 2009).

° a regulation proposed by the European Commission to tackle vari-

ous forms of negative impact caused by the misuse of Al (Commis-
sion 2021)
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Table 1 Interviewees

description Interviewee Role (self-identified) Technical back- Use case domain
ground
PP1 Developer & Researcher Yes Risk assessment
PP2 Program Manager No Risk assessment
PP3 Program Manager No Risk assessment
PP4 Product Owner Yes Fraud detection
PP5 Advisor & Researcher No Risk assessment
PP6 Researcher & Developer Yes Education: face
expression
detection
PP7 CTO Development Team No Risk assessment
PP8 Advisor & Data Science Researcher Yes Fraud detection
PP9 Developer & Researcher Yes Fraud detection
PP10 Advisor & Researcher No Fraud detection
PP11 Innovation Manager Yes Fraud detection

1 General: the topic of the use case, actors involved, and
the content of the respondent’s (teams) role. The goal of
the system is identified, as well as the envisioned (end)
users.

2 Development process: type of input, resources, tasks,
and roles needed throughout the development process to
make informed decisions. The phases of the algorithm’s
lifecycle are investigated by mapping out the tasks made
in five phases: formulation, development, evaluation
(go-no-go), deployment, and monitoring phase.

3 Considerations: perceived challenges for role and task
division, potential improvements or failures of the sys-
tem, and communication gaps. Questions about assess-
ing errors, bias, as well as the potential negative impact
of the model.

The first two sections ask interviewees to describe general
procedures and practices in the system’s life cycle. In these
sections, interviewees got the opportunity to mention inter-
nal communication and key elements of the communication
processes that underlie fairness-related human decisions. We
specifically asked about communication issues in the third
section of the interview transcripts. We preliminary tested all
interview questions with a pilot on five colleague researchers
from different disciplines regarding their use case projects.
The questions were deemed suitable for letting interviewees
describe their process of communication and related issues.
The suitability of the questions was checked in terms of
comprehensibility and relevance to the research questions.
No questions were altered afterward.

3.2 Case studies

We recruited participants who have been collaborating
in multi-stakeholder projects in the Dutch public sector.

Participants working in the domains of fraud detection and
risk assessment were specifically targeted.

We aimed to investigate participants that are or were
involved in the choices and practices applied at each phase of
the algorithm’s life cycle. To this effect, we used a repository
of use cases' from the Dutch Ministry of interior affairs!!
and the snowball sampling technique. These use cases were
of particular interest because the outcomes can directly
affect citizens.'?

For this research, (N = 11) interviews were conducted
with (N=10) actors involved in Dutch social domain use
cases, and (N = I) actor in the Dutch educational domain.
Table 1 describes the participants (PP), the use case, and the
(self-identified) role they filled at the time of involvement.
Also, it is indicated if they mentioned to have a technical
background. With a technical background, we refer to those
who are (not) educated or have (no) experience in technical
science. Topics discussed for the use cases were predict-
ing fraud amongst citizens (e.g. when applying for public
service) (N = 5) or predicting the need for social benefits
amongst citizens in the coming years (N = 5). The differ-
ence between risk and fraud cases is not always clear-cut.
A fraud detection model can also be used for risk assess-
ment and vice-versa. The categorization of the use cases is

10 Some examples of public domain use cases in the Netherlands
can also be found via the Artificial Intelligence Netherlands Coali-
tion (NL AI Coalitie) website https://nlaic.com/use-cases and in
(Van Veenstra et al. 2019; Hoekstra et al. 2021).

"' Dutch Ministry of Interior Affairs and Kingdom Relations https://
www.rijksoverheid.nl/ministeries/ministerie-van-binnenlandse-zaken-
en-koninkrijksrelaties.

12 Moreover, in 2019 inspection and enforcement use cases were
identified as the biggest categories for Al usage in the Dutch social
domain which refers to the prediction of (security) risks by identify-
ing patterns of behavior (Van Veenstra et al. 2019).
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Q: How can the development process be
improved in your perspective?

how

the

A: "It'sihard fo get a focused answer on
they are going to use the model and what
results will be,”

Fig. 1 Example of interview Q &A (left) and the corresponding coding labels (right) from the qualitative coding analysis

therefore based on the punitive (fraud detection) or assistive
(risk assessment) nature of the policy intervention (Rodolfa
et al. 2020).

3.3 Qualitative coding analysis

To answer RQ1 Which actors, roles, tasks, and phases
can be identified between multi-stakeholder interactions
throughout the algorithm’s life-cycle?, we performed a
qualitative coding analysis by labeling key codes from the
interview output'®. The results can be found in Sect. 4.1.
We used in vivo,'* descriptive!’ and process coding'® to
identify the process of communication exchange between
diverse actors, as well as the practices and choices made at
each stage of the algorithm’s life-cycle.

The coding analysis was done in multiple cycles. In each
round of coding, pieces of text are merged or split into cat-
egories. This was repeated until all codes could be placed
under bigger categories. Two of the authors perform a sepa-
rate coding analysis to reduce the impact of personal bias.

13 Saldafia (2013) describes that “A code in qualitative inquiry is
most often a word or short phrase that symbolically assigns a sum-
mative, salient, essence-capturing, and/or evocative attribute for a
portion of language-based or visual data.” In addition, a code can be
understood as a researcher-generated construct that symbolizes the
construct and assigns an interpreted meaning.

4 In Vivo coding is also named “literal coding” and refers to a word
or short phrase from the actual language found in the qualitative data
record, e.g. terms used by participants themselves (Strauss 1987;
Saldafia 2013).

15 Descriptive coding refers to summarizing the basic topic of a pas-
sage of qualitative coding in a word (noun) or short phrase (Saldafia
2013).

16 Process coding refers to “action coding” which implies action
from more simple observable activity (eg. reading) to more general
conceptual action (such as adapting) (Saldafia 2013).

@ Springer

We performed coding analysis by hand and using a coding
analysis tool.!” Beforehand, both analysts agreed that par-
ticular attention should be drawn to identifying the roles,
tasks, phases, and challenges from the interview transcript.
For example, if a participant were to mention that “person
X is a developer and performs bias analysis in the devel-
opment phase” the actor, the role, the task, and the phase
would be labeled. We also paid attention to the direction of
communication between actors (eg. person X hands over
model outcomes to person Y). Furthermore, communication
challenges, decisions, and information that were repeated or
pointed out by participants as essential for fairness-related
decisions were coded.

In Fig. 1, an example is given for the interview output
(left) and the corresponding codes (right). The figure shows
the colored group labels for challenge, roles, task, and phase.
On the right, an example of the corresponding descriptive
codes can be found. For example, “it’s hard to get a focused
answer” was summarized as an information exchange chal-
lenge of the type where “more input is needed”. We added
the corresponding role(s) to the codes in brackets “[]”. If the
code concerned multiple roles, we added “-” to indicate a
relation and arrows if there was a direction of information
exchange. In this example, more input is needed from the
end-user to the developer.

For the sake of supporting a common terminology, we
took a broad range for the formulation of the codes. For
example, participants that mention roles for engineers, cod-
ers, and data scientists are all considered as the role of devel-
opers. Also, for the phases, we considered the testing phase,
modeling, and experimentation phase as the development
phase. These are grouped because they were not purposely

17 Atlas.ti: The Qualitative Data Analysis & Research Software
https://atlasti.com/
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Project
Manager

Requester Developer

................. Information exchange

(end) user

P P

Evaluation

i
z D

Deployment Monitoring

Fig.2 Key phases of a system’s life-cycle, and their actors and roles, identified from the interview transcripts

separated but used interchangeably by participants in the
interviews.

In Fig. 2, an overview can be found of examples for the
main identified phases, actors, and roles from the interview
transcripts. Moreover, it can be seen that we focus on the
(missing) information exchange between roles throughout
the phases. The arrows in the phases indicate the iterative
nature of a system’s life-cycle. We compared both coding
analyses to identify discrepancies or alignments. Finally, we
performed a co-occurrence analysis on the identified codes
by counting which roles occurred the most per phase, task,
and challenge throughout the interviews. We purposely sepa-
rated actors from roles to analyze how many roles actors can
take on for a certain task.

3.4 Constructing a conceptual model

The co-occurrence analysis alone did not capture the rela-
tion between codes, i.e. "end-user is missing in the develop-
ment phase" would still count as a co-occurrence although
the role was missing. We therefore built a model to con-
textualize the identified codes by describing the relations
and characteristics. The model can be used to represent the
general communication processes between diverse actors
that underlie fairness-related decisions. By constructing
a conceptual model, we answer RQ2: How is information
about fairness assessments communicated between diverse
actors involved throughout the algorithm’s life cycle? Sub-
sequently, we applied the model to the challenges identified
in the qualitative coding analysis and answer RQ3: Which

communication challenges can be identified in fairness
assessment processes?

3.4.1 Creating concepts from codes

The identified codes from the interview output formed the
concepts for the communication model. The construction
of the model resembled that of an ontology by building it in
an iterative manner (Noy and McGuinness 2001; van Hage
etal. 2011; Golpayegani et al. 2022; Franklin et al. 2022).
This means that we continuously adjusted the model until
it would represent every piece of code identified from the
qualitative coding analysis. We also presume that the model
can be revised and extended for future work when more
input is available.

3.4.2 Defining descriptions, properties, and relations
between concepts

The internal structure and relation between the concepts
are characterized by adding definitions, characteristics,
and properties. By doing this step, we described the con-
cepts in relation to each other for the generic process of
communication.

We added descriptions to each concept to agree on com-
mon definitions. Descriptions are based on answers we got
from the interview output, the definitions we found from
documents provided by the European Commission on Trust-
worthy Al, and from other sources in the literature (Com-
mission et al. 2020; European Commission and Technology
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2019; van Hage et al. 2011; Golpayegani et al. 2022; Tam-
burri et al. 2020; Poel and Royakkers 2011). The properties
“affiliation” and “is missing” were added as properties to
the model. By describing the type of private or public affili-
ation (national institute, ministry, or municipality) we can
contextualize how tasks and roles are divided within multi-
stakeholder collaborations. Moreover, relations are added
between codes. For example, an actor always “has” a certain
role whereas a task “requires” a role “during” a phase. This
step resulted in the Phase, Actor, Role, Task, Skills (PARTS)
model and can be found in Results Sect. 4.2.

3.4.3 Applying the model to identify patterns
for communication challenges

Lastly, we characterized the challenges to answer RQ3:
Which communication challenges can be identified in
fairness assessment processes?. To this effect, we added
two extra concepts, one for skills and one for information
exchange. By adding these, we were able to distinguish chal-
lenges that occurred because either an actor or role with
the right skills was missing for a certain task or phase or
if (more) information was needed between actors to do a
certain task.

4 Results
4.1 Qualitative coding analysis
4.1.1 Semi-structured interviews

In all use cases multiple stakeholders were involved with
varying technical expertise—from social workers to devel-
opers, researchers, program managers, and advisors from
third parties. 6 interviewees mentioned having a technical
background themselves, but not necessarily in Al or soft-
ware development. For the majority of use cases (N = 10),
the procurement for the algorithm came from government
organizations and municipalities. Furthermore, the envi-
sioned end-users of the systems were in most cases policy-
makers or other social workers at municipalities with mini-
mal or no technical expertise. There was one exception for
the educational domain, where teachers were the envisioned
end-users. Figure 3 provides an overview of the main group
codes under which all codes are categorized. These group
codes are ‘Phase’, ‘Role’, ‘Task’, ‘Skill’, and ‘Actor’. For
instance, it can be seen that we identified the code “Define
use case” under the group code “Task” which happens dur-
ing the code formulation under the group code of “Phase”.
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4.1.2 Qualifying the stakeholders

Figures 4 and 5 illustrate which roles were mentioned the
most based on co-occurrence per Phase and Task. Overall,
the developer role was mentioned the most (N = 189), fol-
lowed by End-users (N = 107) and Policy Makers (N= 92).
More formulation of roles, phases, and tasks were identified
but mentioned less and thus not shown here.

Figure 4 shows that developers are most prominent in
the development, evaluation, and formulation phases and
less in the deployment and monitoring phases. PP1, who
filled a developer role reported “we don’t monitor what the
municipalities are doing with the results.” and “feedback
is needed on how the results will be used in deployment”.

End-users and policy-makers were reportedly the same
in our use cases. This means that public partners working at
municipalities or other public organizations were in almost
all cases also the envisioned client and those that would (in)
directly engage with the system. Both roles were also the
second highest in occurrences for phases. Moreover, Fig. 4
demonstrates that the monitoring phase N = /0 was men-
tioned the least throughout the interviews whereas the evalu-
ation phase was mentioned the most N = 90.

The data subject role occurred the least for phase and
task and was in almost all cases filled by citizens. On involv-
ing citizens, a researcher (PP10) working on fraud detec-
tion, reported that “it depends on the type of Al If it has
an impact on citizens or uses a lot of data from citizens,
it would be relevant to include a focus group of citizens
from the beginning but it is less relevant for road repairs.”
Other roles are also mentioned that need to be more involved
throughout the phases. Developer (PP9), reported that “For
the future, we could incorporate stakeholders at earlier
stages in the development to see what the potential sources
of bias are.”

Additionally, requester roles were rarely mentioned as
being involved throughout the phases. They were only men-
tioned in the formulation phase for funding or initiating the
project. In our use cases the request for the model often
came from ministries. The data subject role as well as the
requester role were never described as the end-users.

In figure 5 it is shown that the developer role was men-
tioned most for tasks, e.g. technical decision-making, con-
sulting, dealing with fairness and risks, and the least for
model usage. This indicates that actors taking on developer
roles were the most prominent in making decisions through-
out the algorithm’s life-cycle. On what type of decisions one
makes, PP9 (developer ) said that they “decided on how to
improve accuracy and handling issues. For instance, gath-
ering more data diverse to handle bias.”. Developer PP1
mentioned that they “define and chose metrics for the mod-
els.” and that these"are defined in collaboration with the
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Evaluation
(80)

Mo phase
(268)

0% 25% 50%

Fig.4 Mentions of roles (relative) per phases. The total amount of
occurrences per phase is mentioned on the y-axis (from least to most).
Note that the developer role (blue) is mentioned most in all phases,

municipality but choosing metrics and trimming down after
input was decided by the two of their team.”

Program managers and product owners (PM/PO) often
work in the same research teams as developers and are either
hired externally or internally by a public requester. They are

End user
(3) I =

they represent public affiliations (national, ministry of the municipal-
ity), private or individual citizens

B Developer
B Policy Maker
PMIPD

W Data Subject
0 Advisor
1 Requester

75% 100%

followed by end-users (green) and policy-makers (red) and data sub-
jects (orange) least

the main decision-makers for involving (external) stakehold-
ers such as (external) advisors, requesters, and end-users,
and sometimes are the only ones in direct contact with them
to answer questions. PM/PO’s were often reported to super-
vise developers in technical decision-making but rely on
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Fig. 5 Mentions of roles (relative) per task. The total amount of occurrences per task is mentioned on the y-axis (from most to least). Note that
technical decision-making is mentioned the most. Developer roles (blue) are mentioned most for all tasks except for model usage

Fig.6 Mentions of roles (rela-
tive) per challenge. The total
amount of occurrences per chal-
lenge is mentioned on the y-axis
(from most to least). Note that Risk oversight
interpretation and involvement (56)
issues were mentioned most.
Moreover, developer (blue) is
mentioned most followed by

Interpretation
(127)

involvement (92)

Resources (48)

end-users (green) and policy- Input (35)
makers (red) Bias (32)
Role (27)

0%

their judgment for bias, fairness, and risk factor analysis.
Program manager (PP2) said that for handling error rates and
biases they “rely on the technical teams’ judgment”. Also
they mentioned that “the technical colleagues give advice
when the model is good enough, but it’s a bit of a grey area.
We also rely on literature”. PP3 mentioned that they “don’t
go to users” for error or bias analysis but “talk to the data
scientist”. Product owner (PP4) said that “it is time intensive
to explain [bias analysis] to stakeholder users. Bias analy-
sis is sometimes so complex, even as an expert I sometimes
don’t understand it, and it takes a lot of time”.

Advisors were often mentioned to consult on the system
in the evaluation phase before deployment, or when the pro-
ject is halted. Advisors were presented as giving advice on
(1) domain knowledge, (2) technical knowledge, or (3) ethi-
cal knowledge. Actors filling developer roles also sometimes
filled advisor roles. A third-party developer could be hired
to analyze the code, give technical advice or even build the
model. PP3 added that they “hired an external bureau for
auditing and investigating the algorithm”. Also because
they “could not get reliable predictions because the social
domain changes all the time, and it’s hard to keep track of
these changes—for example in social support—and how that
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impacts the system”. PP10 mentioned that “an external com-
pany was hired to develop the model for the municipality”,
which made the “data ecosystem quite complex”. A social
domain expert and researcher at the municipality (PP5)
mentioned that they “were involved to give feedback as an
involved bystander. But it was hard for someone like me to
understand what the difference between implementation and
design is and what that means for real-life implications”.
In Fig. 6, the relative occurrences for roles per chal-
lenge are demonstrated. Most communication challenges
were reported amongst end-users, policymakers and devel-
opers due to lack of interpretation, missing involvement,
and (risk) oversight in a certain phase. Various interview-
ees reported that more input is needed on the interpretation
and use of the results from end-users in the deployment
phase. Vice versa it was reported that input is needed on
feature selection and bias analysis in the development
phase from developers to end-users. Program manager
(PP3) mentioned that it is challenging that“we don’t
know if governments and municipalities can understand
the model”. Also, PP1 mentioned that “it’s hard to get a
focused answer on how they are going to use the model and
what the results will be.” On the matter of involvement,
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(PP2) reported that “More frequent and streamlined col-
laboration with the municipality is needed” and that they
“would like to have closer contact with the municipality.”.
PP1 confirmed that in their case “the municipality is too
loosely involved in the project, and that more involvement
is needed”.

End-users and policy-makers are often reported to miss
the technical skills to understand the uncertainty of predic-
tions and limitations of the model in real-world settings. For
example, PP10 mentioned that the most difficult challenge is
the “gap between data scientists and policymakers. How to
make sure that what is developed is being well understood
and useful for those of non-tech background.”. PP1 also con-
firmed that the “Most important risk is that the model will
not be used or is misinterpreted. For example, mixing up
correlation and causality might lead to not helping people
at risk of poverty.”. PP6 mentioned that “People could trust
the model blindly and mistake it for a decision-making tool”.
and lastly, PP8: “Not sure if the inspectors fully understood
why certain cases were flagged as misuses or put on the
list.”

With regard to biased decisions, another participant (PP9)
mentioned that “there should be more focus on asking users
what policymakers perceive as risks and biases” and that
it is “difficult for them to understand that there are many
different interpretations. What it really means to be a ’true
positive’, is this person really a fraud, or was this person not
able to fill in the forms properly?”. Misinterpretation and
misuse of the system by end-users and policy-makers were
mentioned most in the monitoring and deployment phases.
PP6 confirms that “training for users is needed, to remind
users not to rely on the tool but that the decision is up to
them.”. This also explains why policy-makers and end-users
are mentioned a lot throughout all phases because of their
co-occurrence with challenges in certain phases.

Lastly, participants reported the need for more citizen
involvement and being more transparent to citizens through-
out the phases algorithms’ life-cycle. PP2, a program man-
ager, mentioned that “the plan is to check, e.g. with research
labs how citizens can give feedback on the model. But cur-
rently, nothing is envisaged”. Program managers and prod-
uct owners are also hesitant to involve citizens for a lack of
appropriate frameworks, and potentially hostile attitudes.
“There is a long history with the citizen council for con-
sultation and it is usually conflict-based. It’s hard to make
fruitful collaboration, getting them to understand the issues
and getting them out of anger mode.’ said a product owner
(PP4) working at the municipality. PP7, on previous involve-
ment of a citizen council: “they said no on the feasibility
of the model from the municipality. They did not get it. It
was more of a general no to technology instead of asking a
targeted question” .

4.2 Building PARTS

From the results of the qualitative coding analysis specific
patterns of communication issues emerged. The codes that
were identified are critical to characterize the communica-
tion processes that underlie fairness-related human deci-
sions. However, these communication processes are not
easily described with qualitative coding analysis only. By
solely counting the codes for (co-)occurrences, we could not
capture the type of relation between codes that are important
for determining the process of communication. For instance,
a communication challenge could be that a role is missing in
a certain phase, which would also count as a co-occurrence
for a role within a phase. The communication patterns are
also not easy to document in written form only. Therefore,
we documented the communications patterns we identified
in a conceptual model.

In the next section, we provide a more structural analysis
of the communication patterns using the Phase-Actor-Roles-
Tasks-Skills (PARTS) model. With PARTS the process of
communication is characterized which is needed to under-
stand how fairness assessments is communicated between
diverse actors involved throughout the algorithm’s life cycle.
PARTS was specifically designed for—but not restricted
to—modeling the results of our qualitative coding analysis.

4.2.1 Qualifying the communication process

The PARTS model structures the communication frame-
works and the basic concepts for the communication issues
identified in our qualitative coding analysis. The six con-
cepts selected from the group codes from the qualitative
analysis are provided in Fig. 7 and their corresponding
descriptions, relations and properties are provided in
Table 2.

It comprises generic concepts, such as Phase and Actor.
We added an extra concept for Information Exchange to char-
acterize the communication needs between actors in certain
phases to complete a certain task. The model requires at least
two generic concepts to materialize the communication pro-
cess: the stakeholders who exchange information (represented
with the concept Actor), and the act of communicating (repre-
sented with the concept Information Exchange). The relevant
context of the communications can be modeled with four
additional concepts (Phase, Task, Role, Skill) that underlie
fairness related human decision-making. We decided to add
Skill as a specific concept because the outcome of the qualita-
tive coding analysis showed the importance of identifying and
differentiating individual stakeholders by their particular roles
and specific skills within the process.

With the properties during and involves, we can model
Tasks, Information Exchanges and Actors to the Phases of

@ Springer



2358

Al & SOCIETY (2025) 40:2347-2367

Fig.7 Basic concepts of the
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Table 2 Concept descriptions

Concept Description Relation Property
Task Actions carried out by Role Requires Role, Skill, Info exchange, dur-  Is missing
ing Phase
Role Function or a part filled by Actor Actor Has Role, Task requires Role Is missing
Actor Entities that perform tasks, actively or Has role, skill, phase involves actor, info  Affiliation: public (national institution,
passively exchange between actor ministry, municipality) or private, is
missing
Phase Indicates the evolution of the system from Involves actor, task during phase, info Is missing
conception through retirement exchange during phase
Skill Professional ability, expertise, or knowl-  Info exchange requires skill, task requires  Is missing

edge needed in practice to successfully
complete a specific task

Info exchange Communication transfer between actors

skill, actor has skill, role requires skill

requires skill, between actor, during phase, Is missing

task requires info exchange

the system’s life-cycle. This provides a generic temporal
overview of the communication and assessment processes,
e.g., to reflect on the assessment Tasks or Actors (e.g.,
stakeholders from specific institutions) that may be miss-
ing at specific Phases.

Our main finding is that adding the property is_missing
to any of the six concepts in the communication model is
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of great interest for expressing the issues that interviewees
mentioned. We represented the elements of communica-
tion frameworks using these six concepts precisely because
issues arise if any of these types of elements are missing. For
example, an Actor may be missing specific Skills, or a fair-
ness assessment Task may be entirely missing. Communica-
tion issues also arise from missing a Information Exchange.
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Table 3 Main roles description

Role types Description

Developer
Policy-maker

Project manager/product owners
(PM/PO)

End-user
and services to others

Data subject
Advisor
Requester

Research, design, and/or develop algorithms
Responsible for designing and overseeing the carrying out of policy and social decisions

Supervise the projects for the development of the system and oversee documentation checks and balances
(In)directly engage with the system and use algorithms within their business processes to offer products

Organization or entity that is impacted by the system, service, or product
Give constructive feedback on the system throughout the life-cycle
‘Who are the main client and investor for the use case

The added properties and relations between concepts
were sufficient to represent the communication challenges
we observed in the interviews. The property requires
assigned to the fairness assessment Tasks allows representa-
tion of the Roles, Skills and Information Exchange needed to
perform the task. This part of the PARTS model is essential
to define the high-level requirements for accountability and
transparency. The practical implementation of these require-
ments can be modeled by associating Acfors with specific
Skills to the Roles they take in fairness assessment 7asks.

In Table 3, descriptions are given for the main group codes
for roles. The concepts we selected, and their descriptions,
are in correspondence with those provided by the European
Commission on trustworthy Al, and other sources in the
literature (Golpayegani et al. 2022; van Hage et al. 2011;
Commission et al. 2020; European Commission and Technol-
ogy 2019; Poel and Royakkers 2011; Tamburri et al. 2020).
For example, the developers and end-users (as instances of
Actor) are, respectively, those who “research, design, and/or
develop algorithms” and those who “(in)directly engage with
the system and use algorithms within their business processes
to offer products and services to others” (European Commis-
sion and Technology 2019). Data subjects (also instances of
Actor) are “an organization or entity that is impacted by the
system, service or product” (Golpayegani et al. 2022).

We found that these concepts were sufficient for mode-
ling generic communication challenges that we observed in
the interviews. The model can be extended with additional
concepts, e.g., to represent the affiliation of Acrors. Further
research is needed to further refine the model. Adding more
concepts at this stage comes at the risk of making it less appli-
cable and harder to generalize to new contexts where different
local, organizational values and norms may be at play.

4.3 Applying the PARTS model: characterizing
the communication challenges

Finally, we apply the PARTS model to characterize the three
most prominent findings for challenges. From the qualitative

coding analysis it was identified that interpretation and
involvement issues were mentioned most between policy-
maker, end-user and developer roles. Also, data subjects
were reported to be missing throughout all the phases of the
life cycle. In this section, we provide an example for each
of these challenges through visualizations from the PARTS
model.

4.3.1 Challenge Finding 1: end-users and policy-makers
often lack the technical skills to interpret the system’s
output or to estimate potential fairness issues

From the interview, we identified that more input is needed
between developer, end-user and policy-making roles. End-
users need input on the explanation of the model for its limi-
tations and performance from developers in the deployment
phase to be able to interpret the model outcomes. Develop-
ers need more input from end-users on how the results of
the model are used in deployment. In Fig. 8, we provide an
example of this where it can be seen that the task of “inter-
preting the model results” during the deployment phase
requires the skill of “understanding the model performance”.
However, this skill seems to be missing for the actor at the
municipality that has the policy-maker and end-user role.
Moreover, more input is needed between the developer roles
and the policy-maker and end-user roles. Here it can be seen
that the information exchange for “discussing the model
limitations & performance” is missing, which challenges
the task of “interpreting the model results”.

4.3.2 Challenge Finding 2: developers take on extra roles
such as advisor and decision-maker while potentially
lacking the business logic and domain expertise
required

Fairness assessments are also impacted due to involvement
issues. For example, when individual actors with specific
roles and skills are not involved—then other roles with-
out the right skills might make unjust decisions. In Fig. 9,
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Fig.8 The PARTS model applied to challenge finding 1: end users interpretation issues of the model outcome. Note that when the information
exchange between roles is missing and the technical skills are missing the task of interpreting model outcomes becomes challenging
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Fig.9 The PARTS model applied to challenge finding 2: Developers take on extra roles without domain expertise due to missing involvement
from domain experts in design decisions

we use the PARTS model to illustrate that an actor from
the municipality with the right domain expertise is miss-
ing during formulation, development and evaluation phase.
When the advisor and domain expertise roles are miss-
ing then there is no information exchange regarding the

discussion for poverty indicators for a poverty prediction
model. Here a consequence might be that actors with tech-
nical skills becomes the main decision-maker but may miss
the required skills in the domain of application. Examples
of domain skills are, e.g. expertise in demographics, finance,
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Fig. 10 The PARTS model applied to challenge finding 3: citizens feedback is structurally missing throughout the algorithm’s life cycle

and forensics to ensure that their technical decisions are fair
or allow them to assess fairness outcomes appropriately.

4.3.3 Challenge Finding 3: citizens are structurally
absent throughout the algorithmic life-cycle

The third challenge indicated a lack of involvement from data
subjects which may lead to unbalanced fairness assessments
that do not include key input from relevant stakeholders.
Interviewees reported that the right frameworks to collabo-
rate with citizens were missing. In Fig. 10, it is shown that
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a citizen is missing that has the role data subject. Because
the citizen is missing there is also no information exchange
between municipalities and citizens regarding feedback on
the model.

5 Discussion
The patterns identified from the coding analysis indicate

a heavy reliance on the (technical) skills of the developer
role in the development, formulation, and evaluation
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phases. These results are based on the co-occurrence anal-
ysis performed on the interview outputs. Developers are
often the main decision-makers for most tasks throughout
the life cycle, including but not limited to bias analysis,
analysis of fairness and risk factors as well as data selec-
tion and model training. These tasks together can influence
the extent to which algorithms and their outputs are free
from bias, discrimination, and other forms of unfairness
towards different groups, individuals, or communities.
These tasks are therefore an important part for the assess-
ment of fairness.

Moreover, the coding patterns demonstrated a growing
information gap between technical experts on one side and
domain experts, policy-makers, and end-users on the other
side. There is a need for increased input between end-users,
policy-makers, and developers at the right phase, in particu-
lar during design choices and output interpretation. Even
when there is involvement, participants indicate that the nec-
essary skills can be missing to provide informed decisions.
Developers have limited supervision, advice, and lack the
necessary feedback loops. For end-users there is uncertainty
about whether the algorithm actually delivers what it is sup-
posed to perform, coupled with weak support and guidance.
Presenting algorithms and features in an understandable way
to end-users and policy-makers is increasingly needed to
make fairness assessments for potential risks, failures, and
errors of the system.

These findings show that in many use cases there is no
clear governance regarding roles, actors, information flows,
and responsibilities during the algorithm’s life-cycle. It was
not always clear who makes final (mostly policy) decisions
on the further development or use of algorithms, or what is
the (legal, procedural, information) basis for such decisions.
This seems to be due to the lack of actors filling the right
roles at the right phase. As a consequence, actors will take
on multiple roles at once for which they may not be fully
equipped, which can lead to a discretionary imbalance. We
saw that mainly developers tend to have multiple roles such
as advisor, researcher, and (main) decision-maker, without
being fully aware of the business logic and domain exper-
tise. In addition, policy-maker or social worker roles tend
to coincide with end-user roles without having the techni-
cal skill or understandable assessment tools set to interpret
model outcomes and to make informed value decisions. We
want to emphasize that it is not always a choice made by
individual roles to not communicate or involve other roles,
but rather a consequence of an institutional setup and a lack
of established internal processes.

It is possible that interviewees forgot to mention involved
stakeholders in the development process or didn’t see some
as influential for choices, practices, and protocols. Forget-
ting a particular role or actor does not necessarily reflect the
actual governance structure or experienced communication
challenges. Participants may not have oversight, be unwilling
to provide specific details, or were perhaps steered by how
the interview questions were formulated.

We also recognize that in practice, formulations for roles
and groups can vary and can be diffused. For instance, in
some cases, actors identified as developers would primarily
identify themselves as a researcher who would also carry out
"developer tasks". Moreover, counting (co-)occurrences is
not enough to assess the structure of communication process
between multi-stakeholder collaborations. As mentioned in
the results, sometimes an occurrence would be counted for
role and phase when actually ‘role X was missing in phase
Y’ and thus was more an occurrence for a challenge than
for a phase. Therefore, the PARTS model was needed to
characterize the relations between concepts. Regardless of
the stated limitations, our findings confirm and complement
earlier work where the growing autonomy and discretion of
developers in public sector operations is emphasized as well
as unclear role divisions for automated decision tool usage
(Fest et al. 2022; Kalluri 2020; Bovens and Zouridis 2002;
Poel and Royakkers 2011).

The questions in our semi-structured interview were not
limited to questions regarding fairness directly. We inten-
tionally wanted to ask about all choices and practices that
may relate to fairness-related decisions, including key ele-
ments of the communication processes. However, we do
not claim that fairness or other communication issues are
resolved with PARTS as the model is based on a specific
and limited (N = 1) target group of participants involved
in Dutch multi-stakeholder collaborations for fraud and risk
assessment use cases. A limitation of our findings is that we
did not talk to citizens. We chose to describe and investigate
only those stakeholders that were involved in the choices and
practices throughout the algorithm’s lifecycle. Through the
snowball sampling technique, no referrals were made to citi-
zens. Future work should focus more on the co-design and
participatory approaches with citizens regarding algorithms
in the public sector.

The PARTS model is purposefully kept as simple as pos-
sible as every (public sector) use case will have its own (nor-
mative) context, specific governance, and communication
structure. However, in this research we tried to investigate
exactly those local conditions—the communication process
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underlying the choices and criteria for what is considered
to be (un)fair—and resist “the portability trap” of stating
that every Al use case will function the same from one con-
text to another (Selbst et al. 2019; Barocas et al. 2021).
More research is needed to investigate how local governance
structures and communication processes influence fairness
assessments outside of the Dutch context.

With PARTS we show that if these governance struc-
tures—such as roles and responsibilities—are unclear,
undefined, and if there is a lack of communication or mis-
communication, then this can lead to misinterpretation of
the system output and even to misuse of the algorithmic
system. With the PARTS framework we aimed to make a
start at structuring and outlining these information gaps
for missing elements such as missing roles, skills, and
involvement. Furthermore, it promotes a common termi-
nology beyond solely the technical perspective of fairness
assessments by highlighting the governance of algorithms
throughout the lifecycle.

6 Conclusion

This paper examines the roles of different stakeholders
engaged in the process that leads to algorithm procurement
and development in the Dutch public sector. In particular,
we focus on the analysis of communication patterns exhib-
ited in fairness assessments. The field research we con-
ducted points to inadequate or missing explicit guidance
or rules regarding roles, skills, and information exchange
throughout the algorithm’s life-cycle which leads to

@ Springer

misinterpretation of model outcomes and potentially to
unfair outcomes. The results have been characterized using
the Phase-Actor-Role-Task-Skill model and can be used
to indicate a lack of involvement and feedback between
developer, end-user, and policy-maker roles. End-users
and policy-makers often lack the technical skills to inter-
pret the system’s output or to estimate potential fairness
issues. Therefore, they rely on the technical skills of devel-
opers for making apparent technical decisions such as bias
and fairness assessments, potentially influencing policy
outcomes. As a result, developers take on extra roles such
as advisor and decision-maker while potentially lacking
the business logic and domain expertise required. This
also results in developers being the most prominent role in
most tasks and phases of the algorithm’s lifecycle. Lastly,
we observe that citizens are structurally absent throughout
the algorithmic life-cycle, even though it is mentioned that
their involvement is needed in the future for balanced fair-
ness assessment. The PARTS model is built to describe
these patterns and to be used and extended by domain
experts: to audit and design frameworks to deal with com-
munication issues, to support transparency and account-
ability amongst diverse actors, and to promote the creation
of a common vocabulary on fairness assessments.

Appendix

See Table 4.
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Table 4 Questionnaire

Questions Notes
Institution/Department Name of entity/department
What is your (team’s) role? Description team/staff involved brief

Who do you work with (directly)?

Domain and topic of use case

Start and end date

What type of system is being developed for the use case? Intended use/aim
What is the goal of the system?

External partners developing technology for the use case (if any)

Who are the (end) users—are they directly involved in the development
process?

1I. Development process

Could you guide us through the process of development by mapping
out phases—and specific actions in each phase?

Could you guide us through the decisions made about the system and  e.g., involvement in deciding on: the goal of the system | design of the

by whom? system (metrics/labeling/test/training/error) | evaluation of system |
monitoring | deploying system

What kind of decisions do you and your team make? (could you give
an example)

What input is needed /do you use to make decisions as a reference e.g., handbook, training, expert group?
point

What kinds of exchanges are needed in your decision process?

Are there other teams or (external) stakeholders involved in the
decision-making process?

How do you support the decision process of your collaborators with
your output?

11I. Considerations

How can the development process be improved for the following, from e.g., information exchange, role division, handling error rates and
your perspective? biases, handling risks, responsibilities

What are the most difficult challenges and risks of failures for the
system?

How are these challenges and risks measured assessed and monitored?

What information is needed (by whom) to handle these challenges and
risks?

Who is consulted for this information?

What is your role in the process of addressing challenges and risks?

Could any issues occur that might halt the development process, (if
so could you give an example of how are these go/no-go decisions
determined?)

In real-life applications, could there be specific risks or negative
impacts for individuals or social groups?

Is error analysis / Bias analysis performed for negative impacts (if so
how is this done and could you give an example)?

Once the algorithm is deployed in practice, what kind of human over-
sight is available to control for error, bias, or negative impacts?

What procedures and recourses, if any, are available for addressing the
negative impacts of the system?

Do you have access to explanations or training on the risks for indi-
viduals and social groups, e.g., from your colleagues or from external
experts?

1V. Follow-up questions

Who is in charge / responsible for mitigating measures on respecting
privacy and data protection? For instance, is there a valid legal basis
for processing personal data?
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Table 4 (continued)

Questions

Notes

Are there cybersecurity or privacy-preserving measures deployed to
preserve privacy and data security?

If no challenges (or very few) concerns are mentioned in 4, provide a
scenario?

e.g. complaints about the output; security breaches; what if the training

set is not representative, high error rates

Curmudgeon corner Curmudgeon Corner is a short opinionated col-
umn on trends in technology, arts, science and society, commenting on
issues of concern to the research community and wider society. Whilst
the drive for super-human intelligence promotes potential benefits to
wider society, it also raises deep concerns of existential risk, thereby
highlighting the need for an ongoing conversation between technology
and society. At the core of Curmudgeon concern is the question: What
is it to be human in the age of the Al machine? -Editor.

Data availability We have no data available, due to confidentiality.
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