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ABSTRACT

Metaphors have for long time been used for describing and explaining the roles of technology in
human activity. Such descriptions are embedding an increasing level of ambience, where technol-
ogy is expected to sense, interpret, and adapt to an individual's needs and wishes, while at the
same time, the demands for transparency and accountability is making way for new regulations
and guidelines for systems based on artificial intelligence (Al). The purpose of this research is to

explore social roles of humans and Al systems, and to identify open research questions and chal-
lenges when designing for transparency and sense of control. A socio-technical relationship frame-
work was developed for assessing the social roles of Al systems, and for designing for change in
roles and relationships. The framework was developed based on activity theory, metaphors for
human-technology interaction, and emergent research on human-Al collaboration. By focusing on
meaningful shared activity, the situations when technology is socially and personally relevant can
be distinguished from the situations where technology is functionally relevant. The identified roles
are partly overlapping and fluent depending on the situation, which increases the need for trans-
parency and accountability, and consequently, Al techniques that allows explainability, negotiation
and adaptation of the enacted roles. The framework is exemplified in two case studies to elicit
role transformations in a work and a home environment respectively, where an individual’s chang-
ing need for supporting development of capabilities and autonomy through Al-based technology
are addressed. We identify a number of open research questions and propose to apply the frame-
work to capture and design for developing capability in humans and Al systems, collaborative
capabilities in human-Al teaming, and for eliciting the ethical and moral consequences of Al sys-

human-Al partnership;
human-centred artificial
intelligence; hybrid
intelligence

tems operating within a person’s zone of development.

1. Introduction

Technology embedding artificial intelligence (AI) is increas-
ingly blending into human practices by enacting social roles
among humans. Examples can be found in daily practices,
when digital assistants inform about a bank’s services, a
guide robot informs about museum contents, and service
robots assist in homes or restaurants. This is happening,
even if technology is designed to be neutral, since humans
tend to attribute intention and agency to artefacts (Cooley,
1980; Dennett, 1989; Epley et al., 2007; Luck & d’Inverno,
1995) and to treat them as social actors (Nass et al., 1994).
Moreover, shifting between roles, as well as blending roles,
serve purposes and are natural as relationships emerge
(Pradhan et al., 2019; Rozendaal et al., 2019).

When conducting activity, humans and the emerging
socially intelligent systems enact relationships by adapting
and adhering to social roles, which are tacit and emergent,
even when specified in the design of a system and in the
context in which the system is embedded. A basic assump-
tion is that the computer system is a fool (Ehn, 1988;
Janlert, 1987), however, in many situations the use

transcends what we typically mean by the tool concept e.g.,
into a peer, or partner, as explored in human-robot inter-
action research, (e.g., Sebo et al, 2020). As technology
embedding Al becomes more pervasive and transcends what
has earlier been considered a tool into an agent providing
interpretations of personal information and person-tailored
advice, there is an increasing demand for transparency and
accountability (Dignum, 2019; Umbrello & van de Poel,
2021).

Different metaphors have been used as basis for design-
ing the relationships with computer systems, and for explor-
ing and communicating design purposes of a system with
potential users. However, how people actually perceive the
system, and experience the relationships in practice, may
not emerge as designers intended, or as the user expects, in
particular, when the roles change. Farooq and Grudin
(2016) exemplify a search engine initially working as a tool,
emerging into a partner that increasingly tailors the out-
come, advertisements, etc. They recognise the conflict of
interest that arises when the system aims to keep the person
engaged on a page, while the person aims to leave. This
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subtle transition from functioning as a tool in the view of
the user for one purpose, to becoming a partner exhibiting a
potentially different motive is an example, which illuminates
the challenge of designing for transparency in interactive
systems embedding artificial intelligence.

Human-centred artificial intelligence (HCAI) is defined by
Nowak et al. (2018) as Al that

focuses on collaborating with humans, enhancing their
capabilities, and empowering them to better achieve their goals.

In the notion of collaboration, there is a social aspect
embedded, relating to coordination and agreeing on goals
and a division of tasks, typically relating to what roles the
actors are enacting. In principle, the system as actor, or
agent, needs to possess knowledge about and take into con-
sideration the human’s agenda, agree on and comply to the
terms of collaboration, and adjust to the unfolding of the
collaborative activity as pointed out by Steels (2020) among
others, and vice versa, the human needs to be aware of the
agent’s agenda, agree on the terms of collaboration, and
adjust if desired (Brinck & Balkenius, 2020; Thellman &
Ziemke, 2021).

The roles of socially interactive agents and robots have
been explored, using concepts that describe social relation-
ships among humans. Often these concepts embed an hier-
archy, a power structure among the actors. For instance,
Scholtz (2003) describes the roles of a robot as supervisor,
peer, or by-stander. Sebo et al. (2020) identified in a litera-
ture review on robots in groups and teams similar roles:
leader, peer, or follower (i.e., assistant acting on instructions
given by humans). In another activity context among pupils
in school, roles such as bully, victim and by-stander were
identified (Sanoubari et al., 2021). In the school environ-
ment, the role as tutor for guiding learning and development
of capabilities in pupils has been explored (Ocana et al.,
2020).

Pradhan et al. (2019) explored perceptions of conversa-
tional agents such as Alexa, and found that the roles shifted
depending on the situation and the person’s needs. They
proposed to adopt a fluid ontology to capture this.

The aim of this article is to investigate how roles and
relationships may be understood, and used in a deliberate
way to increase transparency in human-Al interaction and
collaboration, and consequently, which may also contribute
to increasing the human’s sense of control when interacting
with Al systems, empowering the human and developing
their capabilities. Furthermore, we aim to identify open
research questions and challenges relating to roles and rela-
tionships with emerging technologies embedding AI. This
was done by taking a starting point in activity-theoretical
frameworks, the cultural-historical theory, and in metaphors
presented in research literature for describing and explaining
humans interacting with technology, in particular, Al tech-
nology. The cultural-historical perspective is adopted to
explore the development of the perceptions of Al tools over
time, which influence the discussion on what may be impor-
tant roles and relationships that we expect to emerge and
contribute to developing for the future.

A framework for analysing roles and relationships in
human-Al interaction and collaboration was developed
based on different views on interactive computer systems
presented in research. Further, Al theories and methods that
may allow AI systems to explain, change and adapt roles,
and to develop human-AI relationships meaningful to the
human are exemplified as approaches for providing trans-
parency and adaptability.

The rest of the article is structured as follows. A brief
introduction to agency in Al and activity-theoretical frame-
works is provided in the following section. Emerging roles
and relationships are reviewed from the perspective of meta-
phors for human interacting with computer systems forming
a framework for analysis in Section 3. The application of the
framework is exemplified in two case studies in Section 4,
one in a work setting and one in a home environment. The
framework is discussed in Section 5 addressing four particu-
lar challenges, which were identified, and some conclusions
and future work are provided in Section 6.

2. Agency in Al and activity-theoretical frameworks

Artificial Intelligence was initially defined by McCarthy
(2007) as the science and engineering of intelligent systems
(Choudhury et al., 2020). What is perceived as intelligence
has emerged since then, since the 80’s increasingly encom-
passing also social intelligence as Al systems are expected to
also act in and adapt to socially demanding situations (e.g.,
Janlert (1987)). One fundamental approach in Al research is
to adopt a view on the system, or networks of systems as
consisting of situated software agents, embedding agency,
which we in this article define the following way: the cap-
ability to learn, act and adapt to a situation following its
own goals. In a social situation, a goal may be to act in a
socially accepted way. At a functional level, the robotic lawn
mover can be viewed as exhibiting artificial agency within
the physical boundaries set up by its owner (working
towards its goal, learn, and manage its power supply), as
described by Ziemke (2023). Licklider (1960) outlined the
vision of collaborative systems working in symbiosis with the
human in tasks. Later, it has been debated whether or not
the computer should have agency, among other human-like
traits and act as as a digital agent in interaction with a
human, and to what extent it would decrease the control
and responsibility of the human (Bryson, 2010; Shneiderman
& Maes, 1997). Today, we are to large extent interacting
with software agents, some more visible, such as in service
robots and digital assistants, others less transparent in e.g.,
social media. People’s perceptions of the agency of computer
systems have been studied, then mostly from the subjective
view of the human. To decrease cognitive effort, people tend
to attribute a range of non-human artefacts agency, although
it is clear to the person that the artefact does not really have
agency, but “acts-as-if’ (Ziemke, 2023). Humans’ Sense of
Agency (SoA) has been studied in collaborative tasks involv-
ing humans and computer systems. So far, studies are few,
however, one showed by applying intention binding, a tech-
nique to objectively measure SoA, that humans create we-



agency with humans but not with computer agents (Silver
et al,, 2021).

Most current systems embedding AI techniques do not
act autonomously, nor intelligently as an intentional agent
in a situation. Instead, inferences are typically triggered at
an operational level of activity to produce an output that
may be perceived as intelligent by humans, and to be used
by humans or other systems. Sometimes the output is not
aimed to be perceived by the human, as is the case with
ambient intelligence in the Weiser vision of ubiquitous sys-
tems that “disappear” (Weiser, 1999).

Still, the vision remains of the socially intelligent system
that may function purposefully in interaction with the
human, mimicking the human intellectual capability to (i)
learn from small sets of data and in interaction and collab-
oration with humans, (ii) to reason, plan, and explain its
reasoning, (iii) to make appropriate and useful decisions
based on limited and ambiguous information, (iv) adapt to
cultures and individuals, (v) and self-reflect to assess its cap-
ability and need for changing goals, and for developing new
knowledge and capability (e.g., Steels (2020)).

We explore the range of roles the Al-system may be attri-
buted in relation to the human in this article by taking as
starting point metaphors of human-technology relationships.
The primary theoretical frameworks for analysis are the
activity-theoretical frameworks that have been developed
during the past 90years to advance our understanding of
human activity and the tools used for mediating and devel-
oping humans’ capabilities and their activities in social and
cultural contexts (Engestrom, 1999; Kaptelinin & Nardi,
2006; Leontiev, 1978; Spinuzzi, 2020; Vygotsky, 1978). The
different generations of activity theory have developed to
meet the need for understanding and explaining human
activity in social and cultural contexts: first, to identify how
the individual as the actor (subject) develops cognitive and
social capability in interaction with mediating tools and
other humans in purposeful activities that meet the needs of
the individual; second, to understand how transformations
between levels of activity are occurring and generating
development of knowledge and tools; third, how teams of
people coordinate their roles and divisions of tasks in collab-
orative activities; and fourth, to understand how focus shifts
(Badker, 1989, 1996) and other causes of conflicts within
and between activity systems affect the use of tools and the
development of practices (Engestrom, 1999; Spinuzzi, 2020).
The activity-theoretical frameworks and cultural-historical
theory have targeted situated, and developing activity from
the individual’s perspective, from the individual’s perspective
as member of a team, e.g., in work environments, and a col-
lective, or team from an organisational perspective.
Consequently, activity theory and cultural-historical theory
were considered particularly suitable as theoretical frame-
works in this work since they encompass the human’s devel-
opment through activity from cognitive functions to social
capabilities in various social environments while using tools.
They capture also the development of tools, actors, and the
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practices including tools, people and traditions in a cultural-
historical context.

Key in activity theory to understand human activity is to
identify the contradictions, or conflicts that occur, which trig-
ger transformations within an actor, within an activity sys-
tem or across activities. Examples are when a person’s focus
shifts from one activity to another, or when the object of
activity shifts to focusing the fool that was supposed to ubi-
quitously mediate the activity, e.g., the AI system. The rea-
son for the shift may be that the system does not function,
or the actor does not act, as expected. We take particular
interest in the following shifts that occur: (i) when the Al
system transforms between functioning as the tool and func-
tioning as a partner, or team member recognised as having
some level of agency; and (ii) the shift that occurs when the
system agent shifts between agentive roles. This is illustrated
using the systemic model of activity (Engestrom, 1999) in
Figure 1 with particular focus on the relationships between
the human actor, tool, and team.

Another situation of misalignment of focus is when the
system focuses on low-level goals such as walking or run-
ning a certain number of times or minutes per day based on
which achievements or failures are assessed, while the per-
son may motivate their physical activity differently, at higher
levels of activity, such as capturing moments of enjoyable
social or weather conditions. These two perspectives on the
seemingly same activity provide different grounds for meas-
uring accomplishment, which may also prevent the estab-
lishment of a share intention, “we-intention,” in
collaborative activities. Intention recognition and the con-
struction of a Theory of Mind of self and other agents is
paramount to coordinate actions in human-Al teaming
(Guillou et al., 2023; Kobsa, 1990).

In the following sections, a non-exhaustive exploration of
roles that technology has been attributed in relation to the
human in literature the past 90 years is provided in order to
illuminate early expectations on emerging technology
encompassing autonomy and intelligence, bridging to con-
temporary aims to build purposeful, responsible, and
human-centred Al

3. Emerging roles and relationships - a framework
for analysis

In the following sections different metaphors that have been
described in research literature since the computer entered
our lives are summarised as a basis for understanding how
people may today view relationships with a computer sys-
tem. These metaphors are interpreted using theories and
paradigms for describing humans interacting with com-
puters. These roles can be divided into roles without own
agency on the part of the computer (listed in Table 1), and
roles that fall in the categories peer or supervisor enacting
some agency (Sebo et al., 2020) summarised in Table 2. We
explore also situations when the views on the roles of the
human and system may not be aligned. Each section ends
with research questions emerging from the analysis.
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Computer system
as tool
relationship
transformation of
roles and relationship /
conflict |
Human Object Outcome
as subject I:>
confjct
‘ \
Rules, Division
social norms of labour

Agent in team, partner

Figure 1. Systemic view of collaborative activity with a shared object of activity, adapted from (Engestrom, 1999).

Table 1. The role of the human and the functionally relevant roles of the computer.

Computer-as information

Computer-as tool factory Computer-as oracle Computer-as product, service

User uses the product or
service, e.g., human-like
assistant, lawn mover,
text/image services

Human as data/ information
provider, prompt
constructor and output
evaluator of text/image
generators based on
foundational models

Consumer consumes the
product or service after
monetary exchange, e.g.,
digital assistant,
companion, lawn mover,
generated texts and
images

User provides and receives
data and information as a
part of a socio-technical
system

Human provides, receives and
processes data and
information as a part of a
socio-technical system

User asks a question, receives
an answer

User uses tool as mediator
for an activity, as an
extension of body to
increase capability

Human uses tool for
communicating
information

Human as User

Human provides information
and question, computer
answers

Human as Information
processor

Consumer receives an answer
or recommendation after
monetary exchange, e.g.,
virtual doctor, political
direction

Consumer provides data and
consumes information,
e.g., social media

Consumer uses tool to
optimise consumption,
e.g., search engines,
payment software,
recommender systems

Human as Consumer

Table 2. The role of the human and the personally and socially relevant roles of the computer. Blue colours represent degree of agency. Grey cells represent sit-
uations in which a change of role or roles need to be accomplished. Yellow cells represent situations in which adaptation is needed, e.g., by adopting multiple
roles. White cells represents situations where at least one agent adapts to or challenges as-if person the other agent. Green cells represent mutual understanding

and agreement on role.

Computer-as companion

Computer-as learner

Computer-as tutor
(coach/therapist)

Computer-as partner/co-
worker

Computer-as person

Human-as Companion

Human-as Learner
(client /patient)

Human-as Tutor

Human-as Partner/ co-
worker

Human-as Person and
Protagonist

Mutual companionship
is enacted

Unclear expectations:
Computer provides
emotional support,
and shows the
human how to be a
companion

Unclear expectations:
Computer provides
emotional support,
while learning from
the human

Mismatch of
expectations

Computer acts as
companion, and
human acts as
person and
protagonist,
challenging the
computer

Unclear expectations:
Computer may learn
how to be a
companion

Mismatch of
expectations

Mutual understanding
of the situation and
shared we-intention

Unclear expectations:
Human acts as
partner/co-worker,
computer learns by
observation

Computer acts as
learner, and human
as person and
protagonist,
challenging the
computer

Unclear expectations:
Computer may guide
how to be a
companion

Mutual understanding
of the situation and
shared we-intention

Mismatch of
expectations

Unclear expectations:
Human acts as
partner/co-worker
while learning from
the computer

Computer acts as tutor,
and human as
person and
protagonist,
challenging the
computer

Mismatch of
expectations

Unclear expectations:
Computer act as
partner/co-worker,
while learner learns

Unclear expectations:
Computer act as
partner/co-worker,
while learning from
the human

Mutual understanding
of the situation and
shared we-intention

Computer acts as
partner/co-worker,
human as person
and protagonist,
challenging the
computer

Computer and human
act as persons and
companions

Human and computer
act as persons, and
learner-tutor

Human and computer
act as persons, and
tutor-learner

Human and computer
act as persons, and
partners/co-workers

Human and computer
act as persons, and
protagonist-
antagonist
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b) Human-machine symbiosis

outcome
L3
object subject
= ____and mediator:
~~  Agent/
computer
system
Transforming
relationship
subject <
and mediator: - o e J
Useg TN
Human object
b) outcome

Figure 2. (a) Shows the activity as described by activity theory, with the human as subject, computer as tool mediating the activity; and (b) shows two intertwined
activity systems, as an illustration of a human and computer system symbiosis where these have different objectives and the human becomes the mediating tool.

3.1. Computer system as tool

Viewing computer systems as tools is a basic, initial view,
which implies that the human is the user in relation to com-
puter systems (Bedker, 2015; Ehn, 1988; Janlert, 1987;
Kuutti, 2001; McCarthy & Wright, 2004) (Table 1). Users
may be partners with other humans in social activities,
where computers mediate the social interaction and activities
as tools, as described by activity theory (Figure 2)
(Kaptelinin & Nardi, 2006; Vygotsky, 1978). Common
human operations relating to the tool view are to “use,” or
“handle,” implicitly assuming that the human controls the
tool. A contemporary debate and research challenge is to
explore how the tool perspective aligns with autonomous
actions by an artificially intelligent machine. Lewis Mumford
pointed in 1934' out the following distinction between the
concepts of tool and machine:

the essential distinction between a machine and a tool lies in
the degree of independence in the operation from the skill and
motive power of the operator: the tool lends itself to
manipulation, the machine to automatic action.

Looking back to the 505, this perspective is recognised in
the initial definitions of artificial intelligence as the science
and engineering to build intelligent machines. Interestingly,
this perspective still prevails in the current debate on the risks
of a technological singularity, embedding strong, or general Al
(GAI), the ultimate machine, which does not lend itself to
manipulation (any longer). This envisioned future AI system
is independent of the skill and motive power of the human,
since it has become fully autonomous in continuing building
itself and thereby dangerous since the human operator is out
of control of its actions (Fjelland, 2020; Nowak et al., 2018;
Tariq et al, 2023). In contrast to the dystopian futures, the
existing robotic autonomous systems in assembly industries
part of Industry 4.0, which operate to major extent without
human interference, are examples of Mumford’s view.

Tools, on the other hand, are extensively used as instru-
ment for extending human ability to conduct activities. A
tool, according to Ehn (1988):

...1s transparent to us; something that lets us have focal
awareness on the task or on the material we are working with. A
good tool becomes an extension of our bodies.

Examples of tools are automated systems prompted by
humans operating in parallel to the human in isolated tasks,
such as search engines, language translators on the Web,
recently extended into tools built on large language models
(LLMs) such as ChatGTP.

From the perspective of activity theory, tools mediate
purposeful activities, and are as such, a necessary instrument
for the human to relate to her social and cultural environ-
ment (Kaptelinin & Nardi, 2006; Vygotsky, 1978). In this
sense, computer artefacts can function as prostheses to
enhance the human’s capability, e.g., as cognitive tools
(Nirenburg, 2017) such as memory aids and decision sup-
port systems, or tools extending physical capabilities, such as
exoskeletons increasing balance and strength (e.g., Nakajima
et al, 2021), robot wheelchairs or walkers (e.g., Morone
et al., 2016).

Ehn (1988) emphasised that the primary role of the tool
is to enhance skills and abilities, while this also creates a
dependency on these to not decrease ability. Dependence on
the artefact, vs. competence enhancement was also discussed
by Rozendaal et al. (2019). The purpose to compensate for
limited ability to acquire an improved level of capability has
been one of the core aims of Occupational Therapy (OT)
interventions, which typically aim to augment the person
with tools and altering the environment to reduce barriers
(Kielhofner & Forsyth, 1997). The craftsmanship in the OT
discipline is the tailoring of the tools and environment,
including computer systems to the individual’s needs, taking
into account potential effects in terms of development of the
individual’s capabilities. This is done in a holistic perspective
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and in collaboration with the person, by assessing the per-
son’s cognitive, social, physical and mental capabilities in
relation to the tools and environment in which desired and
necessary activities need to be conducted. Examples are
robotic wheelchairs and communication aids, both embed-
ding AI techniques to increasing extent. The OT perspective
adds an ethical aspect to the tool perspective, namely the
sustainability of the tool, since feelings of empowerment and
autonomy are gained. Removing the tool could significantly
decrease the individual’s autonomy and self-determination.
The holistic view is also emphasised by Farooq and
Grudin (2016) who argue for a paradigm shift from human-
computer interaction (HCI) to human-computer integration
(Figure 2):
...integration in the broad sense of a partnership or symbiotic
relationship in which humans and software act with autonomy,
giving rise to patterns of behavior that must be considered
holistically. (...) Partners construct meaning around each

other’s activities, in contrast to simply taking orders. They are
codependent, drawing meaning from each other’s presence.

Grigsby (2018) describes a similar vision, in terms of
human-machine symbiosis, also for the purpose to optimise
the human’s capability. He outlines how recent advance-
ments of sensor technology and machine learning can be
used for detecting a person’s mood, activities, intentions,
etc., and:

... how the best of the human can be combined with the best
of the computer to build productive partnerships.

Applying the tool perspective on computer systems as
described in this section, extends the human’s capability.
Although they can be used for increasing functional capabil-
ity in humans, it is not meaningful to speak of change, or
development of the human or his/her social roles over time
from the computer system’s perspective other than the
immediate, measurable improvement by introducing the
tool, although such effects are expected to occur as a sec-
ondary effect over time. For instance, having an increased
access to society mediated by a robotic wheelchair will fun-
damentally change a person’s participation in society.
However, Farooq and Grudin (2016) exemplify search
engines emerging into a partner that increasingly tailors the
outcome, advertisements, etc., and they recognise the con-
flict of interest that arises when the system aims to keep the
person engaged on a page, while the person aims to leave.
This subtle transition from functioning as a tool in the view
of the user for one purpose, to becoming a partner with a
potentially different motive is one reason for exploring col-
laborative roles in the following sections. This transforming
relationship is illustrated in Figure 2a, where the activity-
theoretical notions of mediating tools and object of activity is
adopted to illustrate their relationships with the human
agent. While the object of activity is manifesting the inten-
tion of the agent, the tool is merely the enabler and medi-
ator of the activity. In Figure 2b, the human uses the
computer system as a tool for a particular objective, while
the computer system agent uses the human as tool for a dif-
ferent objective. Their relationship could also be described

as transforming from a user-tool relationship into a symbi-
osis, embedding the difference in objectives.

A fundamental challenge is how to design for such trans-
formation of roles. How can the human stay aware of
changes in the agent’s purposes, and having the option to
co-determine the conditions of the partnership? Can the
user of a search engine choose to not be a partner or tool
for data extraction, and still use the search engine as a tool?
When does the robotic wheelchair transform from being a
tool into a partner with agency, and how does this affect the
human’s autonomy and self-determination? Is the partner-
ship exemplified by Farooq and Grudin (2016) also an
example of the kind of “productive partnership” aimed for
by Grigsby (2018)?

3.2. Computer system as information factory

The computer along with people and various computer sys-
tems can also be viewed as an information factory (Janlert,
1987), as a part of a socio-technical system for processing
data and information, and transporting information (Table
1). While this view allows for joining humans and for com-
puters into one system, the system is largely automated with
the human “in-the-loop,” where the human may be reduced
to a species of information processor (Hutchins, 1995;
Janlert, 1987) or simply a source of data (Zuboff, 2019).
Common human operations relating to this view are to
“direct,” “control” or “communicate with” the system. The
human as user is in one hand, a source of information, or
data, and in the other hand, also the cause of errors, and
responsible for the outcomes. The human as the “weak link”
is aimed to be mitigated through human factors and ergo-
nomics analyses to improve interaction design (Kuutti,
2001), or by automating more processes, e.g., as a part of
Industry 4.0.

The information factory perspective is fundamental in
disciplines and organisations where information and docu-
mentation is important and also required through regula-
tions, by e.g., authorities, for instance, healthcare and public
authorities such as taxation authorities, but also private
enterprises that are required to document its resources,
processes and production outcomes. To increase efficiency,
quality, and to reduce errors, sub-processes are automated,
partly using Al-based techniques. One effect is that work
tasks change, some categories of staff may become redun-
dant, while other will face new work tasks or different work
routines. A current, fundamental challenge is how to design
interaction with Al systems that are part of decision making
processes affecting citizen in a country. Important topics are
how to assure transparency, accountability, trust, and each
citizens’ ability to use the systems provided by society for
e.g., managing health, contacts with authorities, etc.
(Friedman & Kahn, 1992; van der Velden & Mortberg,
2021).

Participatory design methods and socio-technical systems
design were developed with strong focus on democracy val-
ues. Employees engaged in the developments of their work
tools and processes, including technology, which formed the



basis for participatory design methods in Human-Computer
Interaction (HCI) (Ehn, 1988; Floyd et al, 1989; van der
Velden & Mortberg, 2021). However, the participatory per-
spective tends to dissolve when corporations become multi-
national, the individual is reduced to a “cog in the wheel” of
the global network of interacting systems passing informa-
tion on with users’ consent (Bratteteig & Verne, 2018), and
turned into the product passed on to corporations to be tar-
geted by tailored advertisements. How is interaction
designed in such systems to assure transparency, account-
ability and trust? How would a design process be conducted
of an AI system aimed at targeting users in countries and
cultures with a broad range of sometimes conflicting values,
e.g., inclusion, fairness and democracy, vs. control of citi-
zens, sometimes for exclusion purposes? Can a user influ-
ence a system, in other ways than by “voting with their feet”
(choosing to not use an application at all)? (Dignum, 2019;
Friedman & Kahn, 1992; Umbrello & van de Poel, 2021; van
der Velden & Mortberg, 2021).

3.3. Computer system as oracle

A third view is the computer viewed as an oracle for deci-
sion support, decision making and prediction (Janlert, 1987)
(Table 1). In the ideal scenario, there is a truth to be pur-
sued, e.g., in deciding about what disease is causing some
medical condition, or whether individuals can be linked to a
crime scene. In reality, the available information and body
of medical knowledge are often limited, ambiguous, biased
and incomplete. The current approach to mitigate this, is to
increase the amount of data that enters the system as basis
for analyses, yet, with the well-known obstacles of biases,
ethical concerns and lack of explainability (Coeckelbergh,
2021). Further, people have now access through the Web
and social media to a broad variety of oracles, typically in
the form of quizzes, for different purposes that can give
answers to what personality one has, what political party is
matching ones preferences, and what potential diagnosis one
has, provided one shares personal information that feeds
into the so-called surveillance economy (Zuboft, 2019) (fur-
ther elaborated on in the next section).

The expectations on predictive models that may tell the
future have increased, recently most notably during the
Covid pandemics where on the one hand, some knowledge
since earlier corona viruses could apply, on the other hand,
the effects of a new virus or new vaccines cannot reliably be
predicted (Han et al.,, 2015; Wille et al., 2021). While pre-
dictive models, when developed for specific purposes in clin-
ical settings based on well-defined data collected as part of
clinical practice can be highly useful for decision support
and resource planning, an over-confidence in smart predic-
tions for various purposes may emerge among lay persons.
How does such predictive models provide explanations for
how the prediction is developed and to what extent it can
be trusted? How is knowledge about how prediction models
work and about how new knowledge is generated over time
acquired among people, which could mitigate an over-confi-
dence in oracle-like predictions? Furthermore, in the era of
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generative Al (GenAl) that embeds false information due to
its hallucinating characteristic, how will people be made
aware of when GenAl is used, and how will they treat and
scrutinise the oracles embedding GenAI?

3.4. Computer system as commercial product or service

Commercial products and services embedding Al technology
are numerous in types and purposes, e.g., robotic vacuum
cleaners, lawn movers, health applications, toy robot pets,
home surveillance technology providing alerts, and more.
Typically, these do tasks for us, enable us to do activities,
maintain houses and properties. Many of these would be
categorised as serving a function to allow us to focus on
other things, i.e, as a kind of tool or servant. However,
there is an element in what Bedker denote the third wave of
HCI, which shifts the purpose beyond the practical gains.
Bodker (2015) describes the third wave of HCI when com-
puters entered the private sphere and people become con-
sumers of digital products, services, and of the experiences
they mediate (Table 1). Kuutti (2001) points out that users
are rarely seen as clients but often as consumers, and users
are viewed no longer only as rational, but also emotional
and pleasure-seeking. McCarthy and Wright (2004) stated
the following:

The consumer metaphor implies an emotional-volitional
component, which is currently underdeveloped (...) we should
try to interpret the relationship between people and technology
in terms of the felt life and the felt or emotional quality of
action and interaction.

The increased focus on user experience (UX) led to stud-
ies showing how need fulfilment is connected to hedonic
quality perceptions, constituting a stronger motivator to use
interactive products than pragmatic quality such as usability
(Hassenzahl et al., 2010).

The consumption of experiences has increased substan-
tially, growing into one of the fastest expanding business
area, including music, computer games, digital art, and
experiences of historical events in museums. In the alterna-
tive worlds provided by computer games people can act as
someone or something else, and enact other roles. When
playing wars, travelling to other planets, or parts of the
world, the border between reality and fiction dissolves.

However, the traditional perspective of the consumer-
producer relationship between the user and the service pro-
vider is more complex in practice. Extending the human-
computer system symbiosis to additional actors, such as one
or several enterprises, or system provider in public organisa-
tions, additional motives become pursued, as in the simpli-
fied example provided in Figure 3. The enterprise uses the
computer as tool to pursue its objective to promote and sell
products to the user as consumer (Figure 3a). Farooq and
Grudin (2016) exemplified a transformation of role from
tool to a partnership, which can be described as the com-
puter system’s object of activity shifted, from only providing
the user what was requested, to learning a user’s preferences
treating the user’s information as tool (Figure 3b), to using
the learnt preferences as tool to persuade the user to stay on
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Figure 3. Example of interacting activity systems, which could illustrate the situation when a person uses a web page for searching information. (a) The agent/com-
puter system is used as a tool by the system owner to target the objective to attract customers and deliver products. (b) The agent uses the human and his/her
information for its purpose of analysing behaviour. The agent’s objective could be to learn what this particular human is interested in, in order to tailor advertise-
ments. (c) Another activity takes place when the agent shifts its objective from learning the user’s preferences to persuade the human to stay on the page.

a web page to buy products (Figure 3c). Involved in this
transformation are typically more than one enterprise, of
which each has commercial interest in using the information
for different purposes, one is to tailor advertisement to the
user. Consequently, to present this interaction as a human-
computer partnership is misleading, the user has not entered
a partnership with each of the actors generating the behav-
iour of the computer.

3.4.1. Consumers and producers in the surveillance
economy

Each metaphoric view of computers’ roles presented so far
transcends the earlier, while they continue to co-exist as
metaphors for reasoning about and understanding how
humans relate to digital artefacts. Examples are provided in
Table 1 and Table 2. Notably, the tool view, the product/ser-
vice view, the information factory view and the oracle view
are merging in current society in the rapid development of
data-driven ecologies of interacting humans and software
sharing data to aggregate and generate information about
humans (Hoffman & Novak, 2018). The human’s participa-
tion in these ecologies is primarily motivated by consump-
tion purposes (products, services and experiences) (Bodker,
2015), creating the image of being the customer adopting
the next mobile app or game, buying extra features and
functionalities. However, Zuboff (2019) points out that they
can hardly be viewed as the customers, when the companies
scrape the data from people’s actions using these systems
since there is no monetary exchange for the “product,” the
user’s data. In practice however, the cost for the user is
sharing personal information and becoming exposed to tail-
ored advertisements, which the latter sometimes can be
reduced by paying a fee. Examples where such surveillance
economy in terms of Zuboff (2019) is pervasive, are social

media applications, search engines, health applications, and
language generation tools based on large language models.

Recommender systems embedded in web applications have
emerged as agents nudging, guiding and reinforcing con-
sumption, which tailor recommendations to individuals
about what products or services to consume. Al is contribu-
ting to tailoring advertisements in recommender systems to
consumers through various techniques to aggregate informa-
tion based on data (location, age, gender, personality, polit-
ical and other preferences), and to push forward tailored
content for the consumer to become aware of products and
services, sometimes using nudging with more or less explicit
content (Waytz et al., 2010), while UX contributes with the
user experience perspective. The product or service to be
consumed spans items from daily supplies such as diapers
to political news, or promotions of ideological stances.

The basis of the selection that the system generates
among what to post to an individual is typically not pre-
sented, however, the individual may guess, based on her/his
previous clicks on a web page. Since these algorithms nudge
a person to go for what others similar to them do, and to
see and read what others similar to them do (i.e., reinforce
different biases embedded in human decision making), the
increasing polarisation of political and other ideological
views is in turn effectuated, as well as the monopoly of few
multinational enterprises on the global market of products,
e.g., fitness applications, food, computer games, digital devi-
ces, etc.

The personlisation of content on social media based on a
user’s actions aligns with the vision expressed by McCarthy
and Wright (2004), to develop the emotional-volitional com-
ponent of the consumer metaphor by targeting emotional
quality, which is linked to the human reward system
embedded in the limbic system of the human brain (Gil-
Rivas & McWhorter, 2013; Michaelsen & Esch, 2021). For



example, the user who continues to view the list of sug-
gested movie clips or news items (entering a loop of
momentarily feeding the cognitive and emotional reward
system) is provided additional person-tailored media clips,
while each producer of contents (another user) is provided
clicks and/or views, as a return of investment (and which
feeds also into their cognitive and emotional reward system).
As such, this symbiosis between consumers of media content
and their producers fuelled by the recommender systems,
can be seen as a continued relationship of co-dependence,
and in the situation of “over-consumption” (when affecting
work and health negatively), co-addiction. While this co-
dependent symbiosis is well-motivated from a business
model perspective, the effects on the humans and their cul-
tures are only beginning to be researched.

Sustainable development of AI and developing Al for sus-
tainability goals are increasingly at focus in the societal
debate as well as in research (Floridi et al., 2018; Umbrello
& van de Poel, 2021; Vinuesa et al., 2020). Would sustain-
able and responsible AI be of interest to the pleasure-seeking
archetype of a consumer? How are HCI and UX research
supporting responsible and sustainable development and use
of AI? Assuming this is desirable, how can AI and HCI
through design promote the understanding and curiosity of
different perspectives, increase diversity and plurality, and
promote sustainable consumption habits? How would the
productive partnership envisioned by Grigsby make the sys-
tem act on what can be viewed as the human weakness:
desire to fuel their reward system in spite of negative conse-
quences; would it counter-act, or feed the reward system?
Under what conditions is the human’s self-determination
negatively affected?

3.5. The computer as companion

A question relating to human-like or animal-like roles such
as companion, is to what extent the human perceives the Al
system as a thing, or as a creature, e.g., a kind of pet
(Ghafurian et al., 2022; Luh et al, 2015; Pradhan et al.,
2019). This may affect how, and to what degree the human
relates emotionally to the AI system. This raises also expect-
ations on to what extent the artefact should express emo-
tions and empathy (Tewari & Lindgren, 2022). Dialogue
systems that aim to serve as social companions have shown
to provide unsatisfactory experience during user studies
(Cho et al., 2019).

Computational models of emotions and empathy have
been developed for assessing emotions in the human, and
for embedding empathetic behaviour in robots and digital
agents (Aylett & Paiva, 2012; Ghafurian et al, 2022; Paiva
et al.,, 2017).

A study where children participated in designing robots
in situations of bullying is presented by Sanoubari et al.
(2021). The children could envision a robot in a school
environment taking on the role as bully, victim, or by-
stander, which could in the perspective of this article, be
viewed as companions, which are not functioning as desired.
The results in that particular study will be used for
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designing a school robot for the purpose to educate children
about bullying.

Niess and Wozniak (2020) address the lack of framework
for capturing the human’s experience and development of
empathy towards objects such as a computer system, and
formulate an experiential framework for companion technol-
ogies. Drawing upon earlier work, they identify the follow-
ing values: eudaimonic (self-realisation) (Mekler &
Hornbek, 2019); hedonic (pleasure); and pragmatic (utility),
in relation to technology. They added four empathetic fac-
tors influencing people’s experiences of companion technol-
ogies with agency: minded - creating a sense of wonder;
feeling-experience - exhibit self-directed feelings and agency;
reflective - having opinions; and social significance - inten-
tionality as described by Dennett (1989). These concepts
relate to objects having character, in the sense described by
Janlert and Stolterman (1997) and the view of the computer
as person, affecting the person, as described by Janlert
(1987) (Table 2). Strong arguments also against describing
robots as persons were put forward by Bryson (2010) in a
collection of articles on artificial companions, to not de-
humanizing humans and to view robots as opportunities to
extend the human’s abilities and support the pursue of the
human’s goals. Yet for the sake of comparing perspectives,
we further elaborate on the person-perspective as well as
companion perspective in this article.

Interesting research is explored such as how embodied
agents could be used for eliciting social norms and ethical
aspects when communicating with emotional expressions
between digital companions and humans. A recent study
explored how a learning companion could facilitate pupils’
learning how to program, in particular, making the learning
experience more interesting and fun (Ocana et al., 2020).
Positive comments by the children included that the com-
panion showed emotions and that it is good that it reacts to
feelings because humans have feelings. Children create emo-
tional bounds with toys and other non-living artefacts. The
learning companion in the example looked like a toy robot,
still the children could pick up the emotional expressions it
showed. The important question arises, in what situations is
emotional behaviour meaningful and ethical? When is this
acceptable in the relations with digital, more human-like
companions?

3.6. Computer system as tutor, coach or therapist

Collaboration between a computer system and the human
for the purpose to develop skills and capacity has been
explored, in particular for pedagogic, rehabilitation, or
health behaviour change purposes (e.g., Adam et al., 2022).
Extensive work has been done on tutoring systems where
users are learners (Johnson & Lester, 2016; McConnell,
2014; Ocana et al., 2020) (Table 2).

Cultural-historical theory (Spinuzzi, 2020; Vygotsky,
1978) focuses on knowledge and skill development in indi-
viduals with the help of a more knowledgeable peer, which
could take the form of a digital tutor, coach, or a therapist
in the case a person is learning to manage a medical
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condition (Table 2). This framework developed by Vygotsky
in the 205 and 305 is applied in fields such as rehabilitation
and pedagogy (Spinuzzi, 2020; Vygotsky, 1978). The key
concept is Zone of Proximal Development (ZPD), and the
framework identifies activities, which a person can do with
the assistance by a “more knowledgeable peer” (Falikman,
2021; Kaptelinin & Nardi, 2006; Vygotsky, 1978). By con-
ducting the activity with assistance, the person can develop
the knowledge and skills required to conduct the activity
independently over time, and then approach new activities
that previously lay beyond the ZPD that have now moved
into the ZPD. One example is in rehabilitation, where the
occupational therapist purposefully act as the more skilful
peer to guide a person to exercise abilities in order to reach
a higher level of functioning and autonomy.

In this context it is interesting to explore how a computer
system could function as the more knowledgeable peer, to
guide a person in advancing knowledge and skills. The con-
cept is used for e.g., technology-assisted learning and educa-
tion. Salomon et al. (1989) studied a computerised reading
partner for 7th grade pupils, and showed significantly
improved metacognitive reconstruction, improved reading
and writing, and more cognitive effort was put into the task,
compared to the control group. It was concluded that the
computerised reading partner cultivated competence in the
pupils. As mentioned earlier, a learning companion could
facilitate pupils’ learning how to program (Ocana et al,
2020).

ZPD has been used for the purpose to design the assist-
ance provided by the system, and for evaluating the need
for support by a human or by the system to accomplish
activities, sometimes for capturing changes over time, such
as designing knowledge-based systems (Lindgren et al,
2011), diagnosing dementia (Lindgren et al., 2018), or man-
aging medication (Guerrero et al, 2019). Viewing the
human as the more knowledgeable peer that instructs a
digital agent is exemplified by Lindgren et al. (2024).

Other examples of how AI can contribute to improving
interaction in learning situations are embedding tailored
responses and tutor characters, or robots that children
teaches, and by this also learn (Chen et al., 2020). It was
shown that the children learned better in the case when the
robot switches between acting as tutor and tutee. Johnson
and Lester (2016) summarise the field of pedagogical agents,
and point out that the relationship that develops over time,
and how the human change their perception over time, is at
the time of the article, yet to be explored in research.

In the activity-theoretical perspective, the unit of analysis
is meaning and sense, using semiotic tools that mediate joint
activity. As such, this framework aligns well with the major
challenges in AI relating to machine understanding of natu-
ral language and co-construction of narratives. Human-
agent/robot dialogues have within AI research been explored
mainly along two complementary lines of fundamental
research: language technology, and technology for reasoning
and decision making. Both areas of research adopt an engin-
eering or mathematical approach, or, to an increasing extent,
a combination in order to advance technology to manage

the basic functionality, and handle uncertainty, ambiguities
and errors. To build usable systems, existing dialogue sys-
tems are limited, operating typically in a very restricted
domain (McTear, 2018). Due to the limitations in current
systems, dialogue systems that aim to serve as social com-
panions provide unsatisfactory experience during user stud-
ies (Cho et al, 2019), while an embodied empathetic agent
serving as a medical assistant providing information to a
patient before leaving the hospital, is preferred to the actual
medical professional (Bickmore, 2003). One reason was that
the system was perceived as having more time and patience
to answer all the questions that the patients had. Studies are
currently exploring how large language models (LLM) could
be integrated in dialogues to achieve purposeful activities
overcoming their limitations, in particular, reliability (cor-
rectness of the information) (Bender et al., 2021).

To summarise, the avenue for further developing person-
tailored educational, therapeutic and coaching systems is
prosperous and could significantly advance education, pro-
fessional training, and support life-long learning, across var-
iations in cognitive, physical and social capabilities. The
main challenge is how integrating such visions, and educa-
tion on how to develop and integrate such systems, in basic
education in fields such as pedagogy, rehabilitation, nursing,
psychology? How could field experts to a larger extent drive
the development of their future tools embedding AI?

3.7. Computer system as partner or co-worker

Licklider (1960) presented a vision of human-machine sym-
biosis where the human and computer collaborate on tasks.
While the human would decide on the goals, the computer
could contribute actively to reasoning, and conduct some
sub-tasks. One example of this vision 60years later, is the
robot scientist Eve, working together with a human scien-
tist’. While Vygotsky focused on developing an individual’s
skills in collaboration with a more knowledgeable peer,
Leontiev (2005) explored the individual’s development as
purposeful and transformative object-oriented interaction of
subject (the individual) with the environment (Kaptelinin &
Nardi, 2006). In this activity-theoretical framework the
human takes the role of partner and co-worker, for instance
when a nurse as a part of a team takes care of people in a
care facility.

In Cultural-Historical Activity Theory (CHAT) (Engestrom,
1999; Spinuzzi, 2020), the systemic view on human activity is
extended to groups, organisations, and team activity in net-
worked social systems. Conceptual models of interacting activ-
ity systems are explored to describe the organisation of
activities. As such, the focus shifts from predictive and forma-
tive models of activities embedding computer systems, to
descriptive analyses served for engaging humans with different
roles in the development of their work environments.

Related computational models developed in the AI
research field include activity reasoning models (Nieves
et al, 2013), multi-agent systems (Tolchinsky et al., 2006),
formal argumentation (Guerrero et al., 2016), reasoning
about emotion-focused and rational motives (Guerrero &



Lindgren, 2021), agreement technologies (Bassiliades et al.,
2020; Lujak, 2019; Ossowski et al., 2013) and other methods
for coordination and delegation (Doherty et al, 2013;
Marconi et al, 2012). Computational models initially
inspired by CHAT have emerged, one example is institu-
tions in JaCaMo (Boissier et al., 2013), activity reasoning
(Nieves et al., 2013), and other models of activity systems
used as reference knowledge in an agent’s belief base
(Guerrero et al., 2016, 2023). Also when agents need to
coordinate their beings such as in traffic situations, some
level of teamwork is needed across human and non-human
actors such as self-driving vehicles. While many operational
processes are automated in vehicles already, the tasks relat-
ing to strategic decision making and planning are still being
researched to explore how tasks and initiative be dynamic-
ally coordinated between humans and agents, within one
vehicle, between vehicles in a fleet of vehicles such as public
transportation, and between teams with different goals and
priorities (Kampik et al., 2018). How are such teams of
humans and agents developing their collaboration? Trust is
essential for e.g., a human to allow a vehicle take decisions,
how is such trust developed, maintained, and also repaired,
if needed?

3.8. Computer system as person

Humans tend to attribute human-like characteristics such as
beliefs and intentions to nature (e.g., Mother Earth), animals
as well as human-like robots, a phenomenon denoted
anthropomorphism (Epley et al., 2007; Waytz et al., 2010).
The interpretation of the system as-if its a human is deeply
embedded in the human as a mechanism to understand its
environment. Also, it seems to contribute to decreasing the
cognitive load, studies have shown that the human who
attributes human-like agency to nonhuman objects is well
aware that they are not human (Ziemke, 2023). Studies have
also shown that the tendency to anthropomorphise decreases
when the human acquires increased understanding of and
familiarity with technology (Waytz et al., 2010).

The main reasons for why Al, as a scientific domain,
develops machinery inspired by how humans and other ani-
mals function, is to further develop the understanding of
how the human functions, e.g., by the concept of a digital
twin in healthcare, and to build more efficient, useful and
intelligent machines (Lake et al., 2017).

Janlert (1987) challenged the tool, factory and oracle
views by exploring the alternative view, or metaphor, of
computers as persons (Table 2). The purpose was to create
awareness in users of potential deviations of expected
motives enacted by a computer, and the ability to question
and scrutinise a computer system as people do with other
humans. Another purpose was to challenge designers to
move beyond the limited focus on intelligence in Al
research, intelligence was seen as merely a subset of the cap-
ability of a computer acting as-if it was a person.
Researchers have since then explored different types of social
behaviour, and how they may and may not be implemented
and enacted by computer systems in interaction and
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collaboration with people, (e.g., Bickmore, 2003; Bryson,
2010; Dautenhahn, 1998; Paiva et al., 2017; Sebo et al., 2020;
Steels, 2020).

From the early perspective of Janlert (1987), computer
systems may act “as-if” they are persons, and the human
may understand the system’s behaviour, as acting “as-if” it is
a person. This means that the human rather acts as the pro-
tagonist, and may question the system’s actions and require
explanations for its behaviour. Janlert used the term protag-
onist to emphasise the active role of the human, where the
protagonist and computer as antagonist are mutually
dependent and at the same time, in a state of opposition.
The protagonist relates to it and has opinions about it. The
human actions relating to this perspective exemplified by
Janlert include “cooperate with,” “confront,” “persuade,”
“interrogate,” “confer with,” “refute,” and “see through.” The
current public debate on risks and potential hazardous con-
sequences of AI has fuelled the interest in explainable,
responsible and trustworthy AI, which essentially, try to do
this - to confront, interrogate, refute, see through current
practices and outcomes of AI development and innovation
in society, to develop practices and societal regulations that
will guarantee that Al-based systems will be explainable and
trustworthy (e.g., Dignum, 2019).

The computer as person perspective is explored also from
an activity-theoretical perspective viewing the computer as
an actor, which can be questioned (Kaptelinin & Nardi,
2006). The human as protagonist in relation to software
agents has been explored in the field of interactive narratives
and story telling for computer games and education (Laurel,
1997; Riedl & Bulitko, 2013). AI research has since the 90’s
actively contributed with theoretical frameworks, methods
and techniques to enable dialogues with open-ended reason-
ing and decision-making where agents and humans may dis-
pute, confront, persuade, refute and collaborate, in domains
such as law, medicine and political debates on the web
(Dietz et al., 2022; Kokciyan et al., 2021; Reed et al., 2017;
Yan et al,, 2018). Research on formal argumentation, open
agent societies and agreement technologies engaging
humans, aim to manage opposing views among human and
software agents with conflicting motives and goals (Kilic
et al., 2023; Lujak, 2019; Ossowski et al., 2013). However,
very few examples are seen implemented in practice, other
than disruptive socialbots in social media. The challenge
may still be the same as put forward by Janlert (1987), how
to change the mind-set of designers to embrace computer-
as-person functionality in interactive systems endowed with
agency? What are the economic, ethical, moral or legal
incentives to do this?

3.9. Transformation between roles and relationships

The observation that roles are changing and sometimes
blended is illuminated by Kaptelinin and Kuutti (1997) and
by Rozendaal et al. (2019). The roles described in Table 1
and Table 2 are also changing and developing. As men-
tioned earlier, in today’s socio-technical environments, the
roles in Table 1 are merging - computer systems as products
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that are in a position to act out power in the relationship.

or providing services can be tools, at the same time as infor-
mation factories and serve as oracles, partly for entertain-
ment purposes, and are organised by commercial and
consumption interests (Figure 3). To capture the partly
opposing and at the same time, interdependent roles in a
framework for analysis (a socio-technical relationship
model), we distinguish between the two layers of meaningful
relationships illustrated in Figure 4.

To an individual, some computer systems can be viewed
as functionally relevant, enabling the conduction of tasks,
e.g., by ubiquitously increasing function and ability. We
view that the roles in Table 1 are those that are functionally
relevant, which typically do not exhibit agency in the view
of the individual. Yet, the individual is typically unaware of
the machinery behind, which increasingly embeds Al filter-
ing the information presented to the individual, enacting
some delegated agency.

Other roles can be viewed as socially and personally rele-
vant, fulfilling needs and desires to develop skills, know-
ledge, autonomy, and social relationships. These roles are
enacted by interactive computer systems with some agency,
exemplified by the roles in Table 2. We call this part of the
socio-technical relationship model the development zone, to
identify the situations and social roles that challenge the per-
ceived roles of the computer system and the human in col-
laborative activities (Figure 4).

To take also into consideration, are the roles which allow
the actor to act out power and control in the relationships
with other agents, illustrated by the vertical power line in
Figure 4. At the function level, the user expects to control
their tools, while in the development zone, the human may
act as the expert in position to override other actors that are
enacting different roles. At the other end, the human takes
on the roles in which they depend on another agent, such as
the learner who takes on the position to learn from a tutor
agent.

The user may enter the development zone by transforming
from a user or consumer into a tutor, guiding the computer
system in a learning process, or into a learner, interacting
with the tutoring system, or other roles relating to collabora-
tive activities where the human and computer system build a
shared intention and understanding of the tasks at hand (part-
ner, team, companion). The transformation between roles is
illustrated by the arrows in Figure 4. As described by Pradhan
et al. (2019), the shift can be due to a shift of activity purpose
between satisfying emotional needs through a digital compan-
ion, and non-companion purposes. A theoretical foundation
for the mechanisms for transformation is provided by CHAT
(Engestrom, 1999). The tensions that emerge within an activ-
ity system, or between activity systems, here embedded in the
socio-technical relationship model, may trigger the transfor-
mations, which then drives the development of knowledge,
understanding, norms on how to act, new roles and divisions
of labour. Tensions, or conflicts, could also be a mismatch of
perceived purposes, roles, questionable actions performed by
an agent, or simply a tool which does not work as expected.

Blended relationships are expected, in particular, combining
the companion role and other roles, considering the impor-
tance of emotion-based motives (Hassenzahl et al., 2010).

To summarise, functionally relevant technology such as
social media can mediate personally and socially relevant
activities, such as nurturing relationships with friends impor-
tant to the person, while socially and personally relevant tech-
nology can also reason with the person about the motives,
e.g, why to choose a recovery activity that involves the same
friends. Artificial agents acting through social media may be
personally and socially relevant when they express opinions
that engage the person, and by this affect the person. While
being functionally relevant when social media is used for nur-
turing relationships, it also nudges the human’s to direct their
attention to certain friends, groups or advertisements, and by
this, affecting the person’s intentions.



4, Utilising the framework: Two case studies

The framework can be used when analysing emergent
behaviours in interaction with interactive AI systems, as
exemplified in previous sections, e.g., Figure 3. It may also
guide the design and implementation of roles and relation-
ships and the transformations between them. The following
are two examples of systems that could be further developed
by adopting the activity-centred perspective on collaborative
Al, captured in the framework.

4.1. Case 1: Decision support in clinical practice

Our first case relates to a human’s professional sphere and
need for support for a continued medical education and skill
development in diagnostic reasoning and clinical decision
making. Experienced and novice physicians diagnosing
dementia patients expected in an earlier study to have valu-
able use of a decision-support system as a tool in their clin-
ical practice (Figure 5a) (Lindgren, 2011). The main
purposes were to embed a continued medical education to
keep updated with most recent evidence-based knowledge
while training novice physicians, and to provide support for
managing complex patient cases with co-morbidity that fall
outside of the school-book cases. To investigate current
practice of diagnosing dementia in primary and specialised
care, an analysis in collaboration with domain experts was
conducted following knowledge engineering methodology as
a starting point to identify different actors, their motives
and roles, and the domain knowledge required in diagnostic
reasoning following diagnostic criteria and treatment
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protocols (Lindgren, 2011; Studer et al., 1998). The relevant
knowledge is evolving, spans a wide range of differential
diagnoses and co-morbidity, and the information needed
across patient cases cannot be captured and verified to build
a complete and reliable system, which is only functionally
relevant outputting a trustworthy answer based on the
patient data and domain knowledge. The use situation is too
complex to design this anticipated system only as a tool,
information factory, oracle, product or service, when serving
multiple purposes. Therefore, the knowledge engieering and
interaction design was extended to enable hybrid intelligence,
where the human and system provide complementary capa-
bilities through the diagnostic process (Akata et al., 2020).
To illustrate the purposes, we exemplified these using the
Development Zone in Figure 4.

Moving into the personally and socially relevant domains
in Figure 3, the needs of the physician can be elicited: if not
familiar with dementia diagnosis, the system should educate
while supporting the diagnostic inquiry, guiding also into the
different domains of knowledge needed to build a basis for
diagnosis, typically, enacted through teamwork involving add-
itional professionals. The role of the physician becomes the
learner, and the system the tutor that mediates expert know-
ledge (Figure 5b and 6a). It was observed in a study of pri-
mary care physicians who were introduced to a decision-
support system, that while the experienced physicians agreed
with the system, novice physicians tended to question the
decision-support system (adopting protagonist/antagonist
roles) (Lindgren et al., 2018). They seemed to do this, due to
their limited expertise for scrutinising the system, i.e., they do
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Figure 5. In Case 1 the Al technology may initially be viewed as a tool, or a part of a data factory (a) among the functionally relevant roles. When a human’s needs

change the expectations, transitions of roles could be supported between a tutor-learner relationship (b), partnership (c), and the user-tool relationship (a).
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Figure 6. The diagnostic reasoning process involving three interacting activity systems partly overlapping in time: (a) the continuing medical education; (b) the
assessment of the patient’s condition; and (c) the collaborative questioning of how to interpret findings in a difficult case.

not trust their own knowledge enough to use this to judge the
system’s knowledge (marked as a conflict in Figure 6a, and
illustrated as the transition into the white box in Figure 5b).

Embedding the possibility to question the system’s sugges-
tions and knowledge provides opportunities for learning, both
on the physician’s side and the system’s side. Once the sys-
tem’s knowledge is internalised by the physician, the system
may transform into a tool, e.g., functioning merely as a
checklist (Figures 5a and 6b), until the physician encounters a
situation or patient case that they are less familiar with and
challenges their knowledge and judgement (Lindgren & Yan,
2015). In such situations, the tool may transform into a part-
ner for challenging and less familiar patient cases where a
physician may need a second opinion on their diagnostic
hypothesis (Lindgren, 2011) (Figures 5¢ and 6c¢).

This case illustrates the transition from being a novice
clinician inexperienced in a particularly complex clinical
practice domain, to develop expertise and teamwork across
clinicians and interactive Al systems.

4.2. Case 2: Digital assistant for personal purposes

Our second example relates to a human’s private sphere and
need for autonomy, competence and relatedness. Let us con-
sider a digital assistant in the home of an older adult we can
call John, who is loosing his eye sight due to a medical

condition. John would like to continue performing and partic-
ipating in activities despite his loss of eye sight. The digital
assistant embedded in a smart home system may be consid-
ered as a tool, and John and system part of an information
factory with data communicated across system and web serv-
ices (Figure 7a). Voice-based interfaces provide access to
digital services such as accessing radio channels, weather fore-
casts, or phone contacts needed to conduct daily activities
(Kamali et al., 2023). However, when John tries to use the
assistant as an oracle, asking where he has put important
things in the home that he cannot find, the need for assistance
goes beyond what can be provided using the current smart
home equipment.

Taking the step into the personally and socially relevant
domains in Figure 4, the digital assistant could ideally func-
tion as the partner taking on tasks that John needs help
with when conducting activities. However, since what activ-
ities are conducted and how is personal, the system is ini-
tially ignorant, and has to take on the role of a learner to
learn about John’s habits and activities (Figures 7b and 8a)
before having sufficient knowledge to begin to contribute in
activities as a partner (Figures 7c and 8b) (Guillou et al,
2023; Lindgren et al, 2024). Further, since the needs and
activities of a person change over time, the learning process
needs to be continuous and twinned with collaborative
activities (Wahde & Virgolin, 2023). Depending on John’s
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Figure 7. In Case 2 the Al technology may initially be viewed as a tool, or a part of a data factory, entering the red frame in the left table of functionally relevant
roles. When a human'’s needs change the expectations, transitions of roles emerge into the developmental zone.

preferences, the assistant may shift to also function as a
companion, providing emotional support (Figure 7d).

Over time, the assistant may extend to assisting John as a
part of home care (Figure 7e). The additional purpose to
promote health and maintain adherence to interventions
prescribed by healthcare, may in some situations be per-
ceived as a conflict in roles, illustrated by the shift of focus
and activity in Figure 8b and 8c (Tewari & Lindgren, 2022).
The shift between roles and the potential tension due to the
shift is visualised in Figure 8, and in the transitions into the
yellow and white boxes in Figure 7.

This case illustrates the transition from being autono-
mous person without technology, to partially rely on tech-
nology to maintain capability and independence despite
cognitive, physical and environmental changes, when facing
medical and health conditions.

5. Discussion

In this article the social roles of Al systems are explored from
the perspectives of metaphors used in literature and theories
on how humans relate to technology in activities. We
observed that relationships emerge, shift, merge over time and
by changes in situations. The question arises why having roles
explicitly explored when they are changing. Why not just stop
using the notions of roles if they are moving targets?
Although roles are changing and blending, we argue that
it remains vital to continue speaking about what is meant by
a certain role in order to co-create shared understanding of

a current situation. This is increasingly important when
computer systems appear to enact agency and decision
power, which may affect humans. Human beings are inher-
ently social, and create meaning in a social context where
activities are conducted (Bodker, 2015; Bruner, 1991;
Leontiev, 1978; Suchman, 1987). This meaning is created
when a person is alone, or is co-created in dialogues among
humans. Meaning is also attributed technical artefacts play-
ing a part of activities. This meaning is constructed based
on various factors embedded in the essence of being human:
e.g., culture, expectations, needs, creativity and boredom
(Janlert & Stolterman, 1997). Consequently, this meaning is
highly personal to an individual when acting in a social con-
text, and provides a substantial challenge to interpret and
act upon by a socially intelligent computer system such as a
social robot or digital companion. Roles pertain to carry
meaning relating to activities to organise the activities and
to externalise expectations on oneself and on other actors.

Four particular challenges were identified as part of our
research, where Al both affects HCI, and may contribute to
HCI, which will be discussed in the following sections:

i. designing for and managing emotional aspects of
relationships;

ii. allowing the human to dispute: to question and to dis-
agree with the computer system, and designing for and
managing disputes as a natural part of relationships
and dialogues;

iii. illuminating the emerging view on the human as co-cre-
ator of his/her interactive human-centred Al systems; and
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Figure 8. The development of the assistive agent’s capability in interaction: (a) the human becomes tutor when the system agent lacks knowledge (conflict), agent
becomes learner; (b) when capacity is developed, relationship turns into collaboration with agreed-upon division of tasks, conflicts arise when agent is not acting as

expected; and (c) agent shifts focus to medication management.

iv. designing for and managing emergent, blended and
changing roles and relationships in the socio-technical
system of functionally as well as socially and personally
relevant relationships.

5.1. Importance of managing emotion

Dautenhahn (2007) listed the capabilities social robots must
exhibit as follows: (i) interact with high level dialogue, (ii)
perceive and express emotions, (iii) have a distinctive per-
sonality, (iv) establish and maintain relationship, and (v) use
natural non-verbal cues’.

Lack of appropriate adaptation of a service robot’s behav-
iour to the human’s emotional state may cause breakdown
situations (Tewari & Lindgren, 2022), but has also been
found in studies on human interacting with embodied vir-
tual agents in the context of healthcare (Laranjo et al,
2018). On the other hand, when the emotional response is
found adequate, participants perceive the digital agent as
valuable (Laranjo et al., 2018; Ocana et al., 2020).

To adapt to the human, for instance, to provide tailored
support to improve health, the system needs to embed a
Theory of Mind that captures the human’s mixed motives,
which contain emotion-based motives along with motives

that typically are associated with being rational, (e.g.,
Guerrero & Lindgren, 2021).

The other side of the emotion coin, is the ethical implica-
tions of the system triggering primitive emotional reactions
in individuals, such as fear and sense of reward, which has
been seen fuelling risk behaviour, addictive behaviour, and
polarisation in society.

People’s perception of Al agents as teammates in work
tasks has been studied, showing initial negative perceptions,
partly due to unclear expectations, which may lead to dis-
trust. To mitigate this, the presentation of an Al teammate
was found important, also whether it is presented as a tool
or teammate, if the Al teammate was endorsed by a col-
league, and to define the responsibilities of the Al teammate
to not be more than those of the human teammates
(Flathmann et al., 2023). The larger proportion of tasks the
Al teammate could complete, the more fear was expressed
among human teammates of loosing their jobs.

Machines may be considered neutral and not expected to
exhibit “true” empathy. Yet, they can act as-if they are
empathetic, they are enacting the purposes of their creators,
similarly to any commercial advertisement or propaganda
poster aimed at creating a reaction in the receiver. The main
difference is the pervasive nature of today’s digital tools, and
their capability to adapt the messages to an individual. New



norms on what is acceptable behaviour of AI systems is
slowly being developed among the general community, cur-
rently seen regarding bots in social media, and around foun-
dational models that generate text, e.g., embedded in
ChatGTP. While lying and other deceptive behaviour is
commonly viewed as not acceptable in society, publicly
available systems embedding generative AI are amplifying
misinformation by producing false information embedded in
texts, which to the general public may be seen as correct
and trustworthy. How trust is gained, lost and re-con-
structed in human-AI collaboration and relationships need
to be further studied, as well as the consequences of systems
designed to trigger primitive emotional reactions.

5.2. Disagreeing with the Al system - agency and
control

An agent is described by Maes (Shneiderman & Maes, 1997)

...as if you have somebody looking over your shoulder as you
are using the application, noticing some of your habits and
preferences and offering to automate for you.

Maes emphasised that understanding and trusting the
agent is key, that the human needs to be able to give away
control but never feel out of control. There is also the
assumption that the human should not be deceived into a
false sense of control, which is an essential part of building
trustworthy Al systems (European Commission, 2018; Kaur
et al, 2023), as highlighted by Oinas-Kukkonen and
Harjumaa (2009) in their definition of persuasive systems:

...computerized software or information systems designed to
reinforce, change or shape attitudes or behaviors or both
without using coercion or deception.

If it is assumed that the person has full control of a situ-
ation where he/she collaborates with a computer system
with agency. The possibility for the person to delegate con-
trol to the system, would mean that the responsibility for
the system’s actions is not removed (Kaptelinin & Nardi,
2006). In such situation the sense of control may be main-
tained, provided that the person trusts the system to do
what the person expects. Then a question is whether the
sense of responsibility is maintained.

In the situation described by Farooq and Grudin (2016),
the person may become increasingly aware of that the sys-
tem has some control delegated to it by another agent, the
manufacturer/“system owner,” to do tasks serving other
motives than the user’s. The person may then be in full con-
trol of the task at hand, that motivates his/her collaboration
with the agent, while out of control relating to other motives
of the manufacturer/system owner, on which the agent also
acts (exemplified in Figure 3).

Janlert (1987) illustrated the system as person view by a
public system, and discussed the democratic principles of
control of such system, such as one that decides whether a
person will have access to support from a public agency
(e.g., for entering the job market). The protagonist should
be able to inspect, supervise and rule the system, in addition
to revising it. Counter-arguments should be possible to
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pose. In a situation where an employee is acting on behalf
of e.g., a bank, or public organisation enacting the delegated
authorisation and follows rules and regulations constraining
the customer, or citizen, the employee can feel in full con-
trol if knowing the conditions on which e.g., a customer can
open a bank account, while the customer may feel out of
control. If the employee uses a decision support system,
enacting decision making based on the rules and regulations,
this task is delegated by the organisation to the system,
while the apparent responsibility still lies on the employee,
enacting the decisions made by the system, and who needs
to explain the reason for why opening the bank account is
denied to the customer. In practice, both the employee and
the customer may feel out of control in such a situation.
Both the customer and the employee also may want to act
as protagonists in relation to the system to question, and
scrutinise the basis for its decision making (Janlert, 1987).

Dialogues between humans contain situations of misunder-
standing and breakdown situations, which are managed and
solved as a natural part of the dialogues when they appear.
Dialogues can be viewed as a constant co-construction of
meaning, understanding, stories and agreements, which also
develops the participating individuals and their relationships
(Dautenhahn, 1998; Vygotsky, 1978). Such “natural” dialogues
involving conversational systems provide fundamental chal-
lenges for both AI and HCI research. A major challenge in
Al is how to ground utterances in structures of meaning
computable by the machine (concept grounding/alignment)
(Steels, 2020). Another major challenge in Al is how to create
dynamic memories, which can support the constant re-con-
struction of every-day stories communicated among human
and digital/robot companions (Dautenhahn, 1998; Riedl &
Bulitko, 2013). Such stories describe motives, experiences and
also emergent roles and relationships.

The assumption that persuasive systems do not apply
coercion or deception has been challenged. The following
revised definition of persuasive systems has been proposed
(Kampik et al., 2018):

We define persuasive technology as an information system that
proactively affects human behavior, in or against the interests of
its users.

Although the pressure to develop systems that are trust-
worthy is increasing by society, the possibility to question a
system is still essential if the human should be in control.
Therefore, we suggest to adopt the notion of agreement tech-
nology, (e.g., Lujak, 2019), which is based on formal argu-
mentation theory (Hitchcock et al., 2001; Walton & Krabbe,
1995) and multiagent systems (Bassiliades et al.,, 2020), to
address social and personal reasons for how humans and
interactive Al systems can organise and negotiate a shared
understanding of activities.

5.3. A Peak into the future: Emerging view on the
human as co-creator

Kuutti (2001) characterised the history of “the user” of com-
puter systems in the perspective of HCI in the following
way: the user started out in the 1970s as a cog in a rational
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machine, became a source of error in the 1980s and then a
social actor in the 1990s, and is from the 2000s a consumer.
20years later, we can add to this timeline that since 2010
the user is also a major data provider to the transnational
and global ecology and economy of computer systems and
their corporations. Now, having entered the 2020s we see
also examples of users as partners, co-workers and team
members with computer systems (e.g., service robots in res-
taurants (El-Said & Al Hajri, 2022), or co-creators of stories
(Lin et al., 2023)).

Although researchers have developed aspects of the view
on computer as person including the ethical aspects (e.g.,
Value-Based Design (Batya et al., 2013)), current systems are
far from embedding the characteristics expected, as pointed
out by Nowak et al. (2018) among others. A counter-devel-
opment can be seen in the research on human-centric Al
where computer as person has re-gained momentum
(Nowak et al., 2018).

A discussion about the roles of the computer and the
user leads necessarily to the role of the designer, and the
question of power, as Cooley (1980) and Kuutti (2001) also
raised; to what extent is the user also the designer of their
computer systems, and consequently, the designers of their
social and cultural environment? Emergent design orienta-
tions towards under-design and meta-design transcend the
boundaries between the user, designer and stakeholders
(Cabitza et al., 2020). Moreover, the human acting as con-
sumer in the ecology of interacting computer systems, also
acts as the producer of content (posts in social media, media
productions, etc.), partly designing their and other’s experi-
ences using the computer systems as tools. McKim defined
design as follows (McKim, 2016):

Design is the unique capacity of the human species to
manipulate materials and energy in a reasoned or a felt response
to human physical, intellectual, and emotional needs—human
needs which are partially formed and modified by the natural
and cultural environment.

It is argued from the participatory design, and value-based
design perspectives that in order to make interactive Al sys-
tems align with humans’ needs, values and purposes, potential
users should be engaged in the different phases of develop-
ment, e.g., as stakeholders in a participatory design process.
The major challenge from an HCI perspective, may be how
to embed a continued, highly participatory co-design mechan-
ism in run-time interactions with an adaptive and socially
intelligent system in daily activities, in particular, when old
perceptions on role boundaries are dissolving (Cabitza et al.,
2020; Janlert, 1987; Kuutti, 2001). The particular challenges
when designing interactive, data-driven AI systems are dis-
cussed in Yang et al. (2020), for example, how to sketch and
prototype together with potential users, Al systems that may
evolve differently, depending on the data entering the system
and the results of machine learning.

Tables 1 and 2 contain views on social roles enacted by
humans and computer systems that have been discussed and
merged over time. Although the idea that the human may
act as a protagonist, and as such, question and alter the
computer system is not new (Janlert, 1987), the view that

the need for questioning would signal an error in the design
of a computer system rather than embedded as a mechanism
for development, is still strong. If taking a step further
beyond the socio-tecnical ecologies as described in this art-
icle, an interesting view would be the human and computer
systems as co-creators of their roles and conditions for
mutual relationships.

5.4. Designing for emergent, blended and changing
roles and relationships

The emerging views on the roles of the computer system
and the user illuminate the confusion relating to how to
address the multitudes of roles in design and use of com-
puter systems embedding AI. While generic concepts such
as symbiosis and partnership explain the vision of Al systems
enhancing human capabilities, and may be viewed as
encompassing all kinds of more “human,” or social roles,
these are impractical when designing an actual Al system to
be functioning in a social context, since the socially situated
activities are changing. It is also not obvious to what extent
the concept symbiosis also includes symbiosis where the
human does not benefit from the relationship, or is even
disadvantaged by being part of the symbiosis, which can be
the situation in symbioses in nature. Moreover, it is not
clear that the human-AI partnership necessarily provides
mechanisms to disagree, and to change the conditions of the
partnership over time. Moreover, striving for symbiosis and
partnership in commercial consumer settings, raises ethical
concerns relating to transparency and self-determination.

To design and develop AI systems that collaborate with
humans, enhancing their capabilities, and empowering them
to better achieve their goals as specified in the definition of
human-centred AI provided by Nowak et al. (2018), we
argue that a focus on emerging roles in social situations
where activities are conducted is required. It is important to
maintain and adjust the understanding when an AI system
changes from tool to a system with agency, or when the sys-
tem acts both as a tool for some purposes and an actor with
a different role for other purposes simultaneously. Closely
connected is the activity in focus, which is to be mediated
through the roles of the human and interactive Al system.
Table 2 shows examples marked in yellow of where a differ-
ence in views on the actors’ roles may appear, which may
represent embedded conflicts, or cognitive dissonances that
will lead to development of roles and relationships.
Therefore, we introduce the development zone, where sys-
tems become personally and socially relevant, as a comple-
ment to the traditional, functionally relevant tool perspective.

Designing Al systems to collaborate with human protago-
nists requires a different mind-set in the designers and
developers of Al systems, and a set of theoretical frame-
works, methods and tools, which allows for embedding the
flexibility to let humans and systems co-create roles, rela-
tionships and divisions of tasks over time. A fundamental
and open challenge for Al and HCI is how to accomplish
grounding when reality and the “current” is socially con-
structed as a part of a situation.



To summarise, emerging roles and relationships are
important to take into consideration when designing for
transparency and sense of control. To move forward, we
propose to apply the activity-theoretical models for develop-
ing capability in humans and Al systems exemplified in this
article. We propose also to combine at least two of the social
roles presented in Section 4, the companion role in combin-
ation of one of the other that may switch when the situation
changes, to allow the agent to act-as person in the senses as
defined by Janlert (1987). We summarise the following open
research challenges as a guide for future research:

Grounding roles in shared and transparent understandings;

Designing for connecting needs with roles;

Designing for evolving relationships;

Designing for shifting view on the computer, from

“thing” to “creature” and back;

5. Designing for managing breakdown situations due to
conflicting expectations relating to roles;

6. Designing for transformations between roles;

7. Designing for blended, or merged roles, potentially,
embedding conflicting motives;

8. Designing for disputes and challenge as well as building

agreements.

Ll e

There are methodological challenges in viewing the
grounding of the understanding as situated and collabora-
tive. We propose to concurrently design both the system’s
behaviour, the machinery for, and explanations of its
behaviour (AI), along with interaction (how the human
experiences the behaviour and the explanations for its
behaviour, and is affected by the behaviours) as one holis-
tically targeted design activity. However, this further chal-
lenges the research and design communities to bridge
traditions and competence areas, which in turn requires to
develop basic and advanced level education to meet the
challenges. The notion of hybrid intelligence currently
emerging is an effort to acknowledge that human and sys-
tem may collaborate using their complementary capabil-
ities and act dynamically, (e.g., Akata et al, 2020).
Knowledge engineering for hybrid intelligence is one
example where the need to further develop methodologies
is elicited (Tiddi et al., 2023).

5.5. Limitations

The review of the various frameworks is not exhaustive,
there are many examples of the roles discussed in this article
that are not mentioned, as well as important insights gener-
ated from empirical studies. There are also additional roles
which could have been explored besides the most common,
for instance, Al systems as slaves (Bryson, 2010) and AI sys-
tems as author of narratives about human history
(Coeckelbergh, 2021).

Humans’ expectations on an agent and the perceived role
or roles are closely related. Role is an emerging property of
relationships between human agents as well as between
human and non-human agents. Roles are evaluated by
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humans subjectively, based on personal expectations and in
relation to a situation. Further, the different role concepts
also mean different things across research fields, even when
speaking of similar AI systems. Attempting to classify such
relationships and expectations as done in Table 1 and Table
2 is indeed generating one interpretation of many possible
interpretations, and gives also a limited understanding of
the roles described. However, the framework is primarily
intended to elicit points of transitions emerging from con-
flicts in activity systems, and guide development.

Exploring expectations and the potential mismatches of
expectations further in empirical studies would provide
insights on how a socially intelligent agent could be
equipped with strategies to handle the co-construction of
understanding and agreement together with the human.

6. Conclusions and future work

Different expectations on the roles of socially intelligent Al
systems have been expressed in user studies and are
embedded in metaphors and concepts frequently used by
researchers to describe the potentials of future AI technolo-
gies. In this article, we illuminate reasons for why emerging
roles and relationships are important to take into consider-
ation when designing for transparency and sense of control.
These were interpreted in a socio-technical relationship
framework for understanding emergent roles and human-AI
relationships in a social context, which distinguishes the
Development Zone, i.e., when technology is socially and per-
sonally relevant, from the zone where technology is func-
tionally relevant.
The following conclusions were drawn:

1. Interactive human-centred AI for collaboration pur-
poses need to be designed with focus on shared activity
meaningful to the human, where additional roles and
complementary social and cultural factors besides com-
panionship need to be manifested and allowed to
emerge (e.g., coach and/or partner).

2. to accomplish (1), apply the proposed framework encom-
passing the different activity-theoretical and socio-cul-
tural perspectives to capture important features.

3. to implement (1) and (2), base the framework for emer-
gent roles and relationships on agreement technologies
to embed a continuing transparent negotiation and
development of understanding and trust to achieve
shared intention in human-AI collaboration when rele-
vant, and elicit to the actors when they differ in
intention.

4. Develop mechanisms that allows for balancing the func-
tionally and socially relevant perspectives on human-AI
interaction, and the transformation of roles within the
socio-technical system.

5. Further develop these mechanisms to elicit to the
human responsibilities, aspects of authority, control and
changes of these.

6. New frameworks that allow to move beyond existing
understanding of technology are required to explore
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new relationships between humans and technology,
which emerge over time, and their effects.

7. Further studies are needed on the consequences of Al
on the human’s agency, identity and cultures.

Ongoing and future work include further exploration of
the development zone presented in Section 3.9. In particular,
we focus on the transformation between roles, how design-
ing for emergent and blended relationships, developing
strategies that can be implemented as a part of the AI tech-
niques for adaptation, and eliciting the ethical and moral
consequences of Al systems operating in a person’s zone of
development.

Notes

1. Mumford, L.. Technics and Civilization, Harcourt Brace
Jovanovich, New York 1934, p. 10.

2. https://tectales.com/bionics-robotics/a-robot-scientist-is-
ready-for-drug-discovery.html.
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