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more egalitarian. Some are characteristically close and car-
ing, whereas others are more transactional [6, 11, 33]. Some 
are seen as appropriate candidates for sexual interaction; in 
others, such behavior is forbidden. However, now that arti-
ficial intelligence (AI) is beginning to assume some of these 
socio–relational roles, or close analogs of them, the extent 
to which we will, or should, hold similar expectations in 
human–AI relationships is unclear.

Our theoretical assumptions are as follows. For each 
relationship type, as picked out by lay language categories, 
there exists a set of socially prescribed cooperative func-
tions—including hierarchy, care, transaction, and mat-
ing—that relationships of that type within a given society 
are normatively expected to serve, or not to serve, either 
characteristically or under certain conditions [19], draw-
ing on [9, 11, 32, 45, 49]. “Cooperative functions” refer to 
mutually beneficial, socially endorsed solutions to recurring 

Social relationships of different types face distinctive coor-
dination problems. What a well–functioning (i.e., coopera-
tive) relationship looks like depends on the nature of the 
relationship: teacher–student, boss–employee, colleague, 
friend, romantic partner, and so on. Some of these relation-
ships are normatively expected to be hierarchical; others are 
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Abstract
As artificial intelligence (AI) systems begin to take on social roles traditionally filled by humans, it will be crucial to 
understand how this affects people’s cooperative expectations. In the case of human–human dyads, different relationships 
are governed by different norms: For example, how two strangers—versus two friends or colleagues—should interact when 
faced with a similar coordination problem often differs. How will the rise of ‘social’ artificial intelligence (and ultimately, 
superintelligent AI) complicate people’s expectations about the cooperative norms that should govern different types of 
relationships, whether human–human or human–AI? Do people expect AI to adhere to the same cooperative dynamics 
as humans when in a given social role? Conversely, will they begin to expect humans in certain types of relationships to 
act more like AI? Here, we consider how people’s cooperative expectations may pull apart between human–human and 
human–AI relationships, detailing an empirical proposal for mapping these distinctions across relationship types. We see 
the data resulting from our proposal as relevant for understanding people’s relationship–specific cooperative expectations 
in an age of social AI, which may also forecast potential resistance towards AI systems occupying certain social roles. 
Finally, these data can form the basis for ethical evaluations: What relationship–specific cooperative norms we should 
adopt for human–AI interactions, or reinforce through responsible AI design, depends partly on empirical facts about what 
norms people find intuitive for such interactions (along with the costs and benefits of maintaining these). Toward the end 
of the paper, we discuss how these relational norms may change over time and consider the implications of this for the 
proposed research program.
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coordination problems of social life [9, 14], and “relational 
norms” refer to the socially prescribed set of cooperative 
functions for each relationship type in a given culture. This 
includes the strength of people’s normative expectations 
regarding whether a given cooperative function (e.g., hier-
archy, care) should or should not be served by relationships 
of a given type (e.g., friends, neighbors; [19, 21]).

Relational norms likely developed to support effective 
cooperation in human–human relationships across different 
socio–cultural environments [14]. With the rise of artificial 
intelligence, however, socio–relational roles traditionally 
filled exclusively by humans are increasingly being filled by 
AI. We already see AI–powered chatbots beginning to serve 
as assistants [15, 24], coaches/advisors [44], coworkers/
teammates [43], friends/companions [36], managers [40], 
and even “girlfriends” [17], among other social roles. As 
AI–powered systems become ever more capable of sophisti-
cated social interaction, it is crucial to consider how existing 
human–human relational norms may be implicated across 
the human–AI and human–human social landscape.

In this paper, we outline a research program designed 
to empirically investigate how human–human relational 
norms may or may not transfer to human–AI interactions. 
This proposed research program is part of a broader ongo-
ing investigation into the theoretical and ethical implica-
tions of human–AI relational norms.1 The extent to which 
humans apply human–human relational norms to interac-
tions with AI systems has several important implications for 
the ethical and effective use and design of such systems, 
as well as for their regulation. For example, both ethical 
guidelines2 and regulatory acts and directives3 rely heavily 
on principles—such as transparency, safety, and privacy—
to analyze the obligations of AI developers and deployers. 
However, the implications of these principles (e.g., what 
privacy demands, or even what counts as privacy) cannot 
be analyzed in the abstract, because they will differ across 
types of relationships. Just as ‘respect for privacy’ means 
something different in close friendships or family relation-
ships than it does in formal employment relationships, so, 
too, might it mean different things for an AI romantic ‘part-
ner,’ AI therapist, or AI work assistant. Current efforts to 
establish and implement regulatory and ethical frameworks 
for the use and development of AI are not yet sensitive to 

1 A more comprehensive theoretical framework exploring the ethical 
and philosophical dimensions of human–AI relational norms is cur-
rently being developed by the authors and colleagues. The empirical 
research program outlined in this paper is designed to complement and 
inform this theoretical work.
2 See, e.g., UNESCO’s Recommendation on the Ethics of Artificial 
Intelligence [51].
3 Such as, e.g., the EU AI Act [22] or the US Executive Order on 
the Safe, Secure, and Trustworthy Development and Use of Artificial 
Intelligence [4].

systematic variations in cooperative expectations across dif-
ferent socio–relational roles.

Moreover, understanding how relational norms trans-
fer to AI could have profound implications for AI design 
across various domains. There are entire categories of AI 
systems—for example, in medical and educational AI—
that rely on assumptions about appropriate interactions 
between AI systems and humans (e.g., students, patients, 
and healthcare professionals), which should be informed 
by a better understanding of human–AI relational norms. 
Such an understanding will also be relevant for successfully 
navigating the integration of AI systems in workplaces. For 
example, if studies show that people tend to overshare per-
sonal information with AI systems they perceive as friends 
(versus colleagues, say), organizations wanting to deploy 
‘friendly’ AI chatbot assistants might need to implement 
stricter data protection measures or include specially tai-
lored user education programs to avoid such perceptions 
and tendencies. More generally, the ability of AI systems 
to interact with humans in a safe, intuitive, and effective 
manner will depend, to a significant extent, on the ability of 
these systems to follow appropriate relational norms. Here, 
we propose that a first step toward determining which norms 
are in fact appropriate (i.e., ethically justified and pragmati-
cally workable) for human–AI interactions across various 
social roles is to empirically assess the existing norms as 
judged by human users.4

Taking this into account, we proceed as follows: We 
begin by introducing the human–human relational norms 
model as developed by [21]. Next, we outline several theo-
retical reasons why we expect human–AI relational norms 
will likely differ, in some areas, from human–human rela-
tional norms. We also speculate about human–AI relational 
norms in cases of superintelligent AI—hypothetical future 
AI systems that can outperform humans across a variety of 
tasks. Drawing on this background, we propose an empiri-
cal research program to investigate human–AI relational 
norms. Finally, we describe necessary future steps and dis-
cuss potential implications and limitations of this research 
program.

4 It will also be important to study how AI systems themselves rep-
resent, adhere to, or depart from human–human relational norms 
when interacting with human users. This could be accomplished both 
by explicitly asking AI systems the same or similar questions to the 
ones we propose for human participants, or by asking an AI system 
(e.g., GPT, Claude, LLaMA) to pretend it is occupying a particular 
socio–relational role with respect to the human user, measuring vari-
ous aspects of its behavior, and then repeating this paradigm over mul-
tiple sessions while systematically manipulating which role the system 
is asked to occupy or mimic.
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1 Relational norms in human–human 
relationships

Successful cooperation in some human relationships, such 
as those between parents and children, close friends, or 
long-term romantic partners, is typically characterized by a 
strong, secure attachment style and mutual adherence to the 
logic of care. The purpose of the care function is “securing 
basic welfare needs through non-contingent provision—or 
acceptance—of help or support” [21], see also [9, 11]. Suc-
cessful cooperation in other relationships (e.g., between 
strangers) does not require strict adherence to a care-based 
norm, but instead may be characterized by tit-for-tat reci-
procity, fulfilling an exchange-based or transaction func-
tion [19, 21, 45]. Additionally, some relationships function 
best when there is asymmetric authority between coopera-
tive partners (hierarchy function), whereas others distribute 
power uniformly. Finally, some relationships are seen as 
eligible to serve a mating function, aimed at sexual fulfill-
ment and/or the recruitment and maintenance of an intimate 
partner [9, 21].

These different functions combine in different ways, 
and with different strengths, in each type of relationship 
as picked out by lay language categories in a given soci-
ety (e.g., teacher–student, boss–employee, teammate–team-
mate, friend–friend). For example, in [19], a representative 
sample of US Americans judged that a cooperative relation-
ship between siblings should be characterized by strong 
norms of care, weak norms of transaction and hierarchy, 
and strongly negative norms for mating. This creates a 
distinctive, four–dimensional relational norm profile that 
distinguishes the sibling relationship from, say, the boss–
employee relationship (i.e., weaker expectations of care 
with stronger expectations of transaction and hierarchy), the 
romantic partner relationship (i.e., stronger expectations of 
care and mating), or indeed any other. In turn, these rela-
tional norm profiles enabled precise out–of–sample pre-
diction of moral judgments concerning actions, within the 
context of each relationship, that fulfilled or frustrated the 
relevant norms. Refusing to follow reasonable orders, for 
example, was seen as worse in relationships with stronger 
hierarchy norms (e.g., boss–employee), whereas failing 
to meet someone’s emotional needs was seen as worse in 
relationships with stronger care norms (e.g, friend–friend). 
Finally, the relational norms model was better at predicting 
such moral judgments than other common ways of charac-
terizing relationships in the literature, such as by genetic 
relatedness, social closeness, or interdependence [19, 21].

2 Relational norms in human–AI 
relationships

Human–human relational norms may not straightforwardly 
map onto human relationships with AI for several reasons. 
There are strong reasons to assume—as we do here—that, at 
least for the foreseeable future, AI systems are not and will 
not become sentient [10]. Consequently, we assume that AI 
systems lack several properties of great moral significance, 
such as interests, desires, and moral status. This assump-
tion has several important implications for how cooperative 
functions might apply in human–AI relationships.

Consider the cooperative function of care. In humans, 
each individual in a care–based relationship is normatively 
expected to meet the other’s needs (i.e., significant welfare 
interests) to the best of their respective abilities (for qualifi-
cations, see [11, 45]). But in most current theories, AI–pow-
ered systems do not have welfare interests or needs. How 
will this affect human expectations about appropriate behav-
ior with an AI friend or companion? Or consider the transac-
tion function. This involves keeping track of benefits given 
or received to ensure fair and proportional treatment [11, 
45]. But in what sense can an AI system truly be benefited—
and how does the presence of a third party, the developer 
or deployer of the system, affect the sense of transaction? 
Similar concerns arise for mating and hierarchy. One pos-
sibility is that humans will intuitively be inclined to treat an 
AI system in a way that is consistent with the social role it 
has been programmed to fulfill: for example, by responding 
compassionately to an AI companion’s simulation of hav-
ing a need, or by following an “order” from an AI super-
visor. But there may also be some hesitation or confusion. 
For example, recent empirical evidence suggests that people 
may act as though AI systems have desires (e.g., for money) 
while explicitly endorsing the opposite [42].

This raises the question: Might humans apply (or misap-
ply) relational norms that govern human–human relation-
ships to analogous human–AI relationships? We consider 
this question, alongside an empirical proposal, in the 
remainder of the paper.

2.1 A caveat about types of AIs

When discussing human–AI relational norms, it is crucial 
to distinguish between different types and capabilities of 
AI systems. Our research program focuses primarily on AI 
systems capable of simulating or performing roles tradition-
ally performed only by humans. This excludes many current 
AI applications, such as music recommendation algorithms 
which, while technically AI, do not engage in complex 
social interactions that would invoke relational norms (how-
ever, see [12], for discussion).
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3 Empirical proposal

Whether, or to what extent, people apply human–human 
relational norms towards human–AI relationships is first 
and foremost an empirical question. Once we have a grasp 
of how people do apply these norms, we will then be in a 
position to undertake an ethical analysis of whether—based 
on candidate normative frameworks—they should apply 
them in the way(s) that they do. There might also then be 
implications for how AI systems designed to fill certain 
socio–relational roles should be designed: for example, to 
potentially counteract some of the more problematic ways 
in which humans (mis)apply human–human relational 
norms to human–AI relationships of different types. A bet-
ter understanding of human–AI relational norms will also 
bear on the wider regulation of AI systems.

With this in mind, we propose a research program that 
builds on existing methods (see [19, 21]) to shed light on 
how people represent and respond to human–AI relation-
ships. In particular, we call for adapting these methods to 
study “relational norms” within the context of human–AI 
interaction, focusing on a subset of relationship types that 
potentially apply to AI systems, whether now or in the future. 
In the original work, researchers examined moral judg-
ments across a wide range of human–human relationship 
types, including long–term romantic partners, parents and 
children, siblings, strangers, close friends, boss-employee, 
acquaintances, extended family members, work colleague/
classmates, roommates/housemates, teacher–student, politi-
cal party members, friends–with–benefits, doctor–patient, 
teammates, and neighbors.

Clearly, however, not all of these relationship types have 
plausible analogs in human–AI relationships, even if the 
AI is superintelligent. For example, it is difficult to imag-
ine an AI system serving in the role of a parent, sibling, or 
extended family member (at least for the foreseeable future). 
Therefore, we propose that researchers focus on a subset 
of relationship types that are most relevant to human–AI 
interaction, based on the functions and roles that AI sys-
tems are most likely to serve in the coming years. These 
might include relationships like work colleagues, supervi-
sor–assistant, teacher–student, ‘romantic’ companion (e.g., 
Replika), or non-romantic friends.

3.1 Probing human–AI relational norms

For studies in this area, we propose that researchers first 
provide participants with clear definitions and examples of 
the theorized cooperative functions (i.e., care, transaction, 
hierarchy, mating), ensuring that all participants apply the 
same concepts in their evaluations (see [20]). In the core 
block of a study, participants might rate the extent to which 

Currently, the most relevant AI systems for our purposes 
are large language model (LLM)-based chatbots, such as 
OpenAI’s ChatGPT, Anthropic’s Claude, and Alphabet’s 
Gemini series. While these systems perform at remarkably 
high levels across a variety of domains, they are still associ-
ated with a number of limitations [3, 8, 48, 52]. However, 
given the rapid development of AI, any research program 
exploring human–AI interactions must be forward–looking, 
accounting for systems which are generally comparable to 
human performance across most tasks (“artificial general 
intelligence”) and, perhaps more speculatively, systems that 
consistently and significantly exceed human performance 
(“superintelligence”).

Superintelligent AI has been defined as machines “that 
surpass all the intellectual activities of any man, however 
clever” [28, p. 33]. This dovetails with other definitions of 
superintelligence, such as having the ability to achieve com-
plex goals in complex environments [27, 41]. Though this 
threshold extends beyond the capacities of current AI sys-
tems, it is likely that such capacities will eventually emerge 
[46]. One possibility is that human–superintelligent AI rela-
tionships will mirror human relationships across key fea-
tures. For example, one feature of superintelligent AI—in 
contrast to “narrow AI”—is its autonomy, such that it will 
act as an autonomous agent, engage in unsupervised learn-
ing, and set its own goals [23]. Whether people’s expecta-
tions regarding autonomous humans will transfer towards 
autonomous AI remains unknown.

There is also the possibility that people will not trans-
fer human–human relational norms towards AI of various 
types. When thinking ahead about the prospect of super-
intelligence, there are common concerns about AI replac-
ing—or even exterminating—humans [7, 26]. In light of 
potential value misalignment between human and AI inter-
ests, people may take a cautious perspective towards cul-
tivating relationships with increasingly more powerful AI 
systems (perhaps especially for hierarchical roles with the 
AI in a dominant, rather than subordinate, position). But 
beyond people’s potential fear of AI [18], there may be 
other factors affecting their application of relational norms 
towards AI systems. For instance, people might differ in 
how they represent the capacities of AI at various stages 
of development (e.g., concerning whether it has humanlike 
interests). If someone considers an AI to be a close friend 
with needs and subjective experiences, then they may apply 
care–based norms differently than someone who denies that 
AI has these capacities. In the next section, we detail an 
empirical proposal for identifying how human–AI relational 
norms might differ from human–human norms in specific 
relational contexts.
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potential differences in relational norms between popula-
tions or cultural groups in a subsequent section.)

As a next step, researchers could then generate hypothe-
ses about how these relational norms might shape, e.g., emo-
tional responses, data-sharing tendencies, perceived ease of 
use, or moral judgments across different types of human–AI 
relationships. These hypotheses could then be tested out–of–
sample. Using the example of moral judgments, for instance, 
researchers could evaluate how the measured human–AI 
relational norms in a given population predict moral judg-
ments from another sample of participants (drawn from the 
same population) in relation to various actions described as 
taking place within a set of human–AI relationships. Spe-
cifically, researchers might prompt a new set of participants 
to evaluate a series of vignettes describing AI behaviors that 
either uphold or violate a given cooperative function. In the 
context of a human–AI “friendship” or “companionship,” 
for example, one norm–violating behavior might be that the 
AI companion downplays the human’s legitimate emotional 
needs: say, by teasing the human or dismissing their con-
cerns when the human expresses sadness. Alternatively, a 
norm–upholding behavior might be something like the AI 
companion offering emotional support and encouragement 
during a difficult time. Both of these behaviors center on the 
cooperative function of “care.”

This is to say that, for each action and relationship, 
participants would rate the act on some kind of measure 
of moral judgment (e.g., moral wrongness/blameworthi-
ness, goodness/praiseworthiness). From this, researchers 
could then determine whether people’s moral judgments 
reflect the previously established explicit population–level 
relational norms about how humans and AI should engage 
with one another within a given socio–cultural context. If 
people maintain differing relational norms for humans and 
AI (as compared to human–human relationships), this sug-
gests that what is perceived as appropriate or inappropriate 
behavior in one case may not translate to the other case. 
This could shed light on why people react differently, for 
example, towards identical actions performed by human and 
AI agents (e.g., [5]). Researchers might also consider fur-
ther measures probing people’s attitudes toward AI behav-
ior (e.g., whether the agent acted intentionally, severity of 
the norm violation, and so on). Finally, the same sorts of 
questions could be asked about human behavior toward an 
AI. For example, it could turn out that participants believe 
humans should act in a “caring” manner toward an AI friend 
or companion, even if they deny that the AI has welfare 
interests (e.g., to avoid practicing behaviors that would be 
wrongful if done to humans); although, the strength of the 
expectation or judgments of the moral wrongness of violat-
ing the norm might be weaker than if the the target were a 
human rather than an AI.

they endorse behavior in a given relationship (consisting of 
either two humans, or one human and an AI) conforming 
to a specific cooperative function (e.g., care). For example, 
in the case of a teacher–student relationship, researchers 
might present contrasting cases: e.g., a human teacher and 
a human student, or an AI teacher and a human student. By 
asking questions such as, “How important is it for a [human 
/ AI] teacher to offer support and encouragement to a human 
student?”, researchers can begin to disentangle whether 
care–based relational norms differ across human and AI 
cases for that relationship type.

Analogous questions would be asked in relation to the 
other cooperative functions (e.g., questions about showing 
deference or authority in the case of hierarchy; behaving in a 
flirtatious manner in the case of mating, and so on), thereby 
filling out the four-dimensional relational norm “profile” 
for the given relationship—for both human–human and 
human–AI dyads—as judged by human participants. This 
would then be repeated for the full set of candidate relation-
ships, with either an AI or human stipulated to occupy each 
respective role, and questions about behavior being asked 
in both directions (e.g., for the teacher–student example, 
this would mean examining not only how a human or AI 
teacher should act toward a human student, but also how 
a human student should act toward a human or AI teacher 
with respect to care, hierarchy, transaction, and mating).

If solicited from representative samples of a given pop-
ulation (e.g., citizens of a country, members of a cultural 
group or geographic region), the ratings collected by this 
method would represent (within a given confidence level 
and margin of error, depending on sample size) the explicit 
population-level “relational norms” for human–human and 
human–AI relationships for that population.5 (We discuss 

5 It could also be interesting to infer participants’ implicit relational 
norms, for example, by assessing their reactions to various types of 
behavior as expressed within different relationships: After all, people 
may sometimes believe or report that they endorse certain norms (e.g., 
around gender egalitarianism) while intuitively reacting in a way that 
suggests they hold different norms (e.g., feeling distressed by women’s 
expressions of autonomy). As an aside, the examples just given point 
to a different type of norm (i.e., gender norms) that may interact with 
relational context (e.g., different expectations around childcare for 
mothers as compared to fathers). As our proposed research program 
develops, it will be important to “fill in” the social identities of the 
agents described as occupying different social roles, including their 
gender, racial or ethnic identity, class membership, ingroup/outgroup 
status, and so on, to see how these features interact with relational 
context to drive normative expectations for what constitutes appro-
priate or inappropriate behavior in a given society. This is especially 
relevant insofar as AI systems designed to fill certain types of social 
roles (e.g., assistant, carer) may be programmed to reflect prevailing—
and potentially biased or unjust—norms around gender, race, etc. For 
a recent critical discussion of the tendency of moral psychologists to 
study “raceless, genderless strangers,” see Hester and Gray [34].
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being under the authority of an AI, complicating social roles 
characterized by hierarchy (e.g., between a manager and 
an employee). Indeed, people may even fear AI occupying 
these kinds of social roles [18] or reject that they should 
be in them altogether. We argue that understanding these 
nuances—by applying a relational norm framework that 
considers human–AI interaction in the context of specific 
social roles—is an important open direction for research in 
AI ethics and cognitive science, more broadly.

There is also a possibility that human–human relational 
norms will shift as social interaction with AI becomes 
increasingly common. For example, based on their increas-
ing familiarity with AI systems in particular roles, will 
humans come to expect “one-way” relationships with other 
humans, where only one partner is acknowledged to have 
any needs? Will human–human relationships typically char-
acterized by asymmetrical hierarchy norms, such as the 
teacher–student relationship, become more egalitarian? By 
studying human–human and human–AI relational norms 
(and, ideally, behavior) longitudinally, we can trace how 
these social landscapes may change over time.

Evaluating these norms longitudinally can also inform 
AI design. When people maintain similar relational expec-
tations between human–exclusive and human–AI relation-
ships, they may be more amenable to interacting with AI as 
a social partner, or regard those interactions as more authen-
tic. We speculate that, at present, these expectations may be 
most similar in the case of common, relatively low–stakes 
AI social roles, such as AI assistants. But as AI models 
become more intelligent, capable, and humanlike in their 
presentation, people’s expectations regarding which social 
roles are appropriate for AI may evolve accordingly. Social 
roles for AI that currently seem far–fetched (or even terrify-
ing, to some), such as AI as long–term romantic partner or 
employer, may become more plausible—and more preva-
lent—as these systems improve.

In addition, we see this research program as potentially 
highlighting unintended consequences or risks of applying 
human–like relational norms to AI systems, such as the risk 
of undue anthropomorphism or emotional manipulation 
[24]. By observing trends in relational norms over time, we 
may better predict how people will engage with future AI 
models, enabling us to anticipate and hopefully avoid cer-
tain types of risk. This would require developers to draw on 
these insights to inform responsible AI design.

Our research program will also have significant impli-
cations for interpreting or adapting AI regulation (in both 
the present and in the future). For example, the EU AI Act 
takes a risk–based approach to AI governance, classifying 
entire categories of AI systems as “high– or low–risk” by 
area of application. Thus, all AI systems applied for medical 
or educational uses are automatically considered high risk. 

We also see it as valuable to better understand why 
individuals may represent human–human and human–AI 
relationships differently from one another. For example, 
people’s attitudes regarding substratism—whether they have 
“prejudice against AIs based on their non-biological (i.e., 
silicon-based rather than carbon-based) material”—appear 
related to the tendency to consider AI as a moral patient [47, 
p. 3]. Further, people may differ in anthropomorphizing AI 
(e.g., ascribing sentience; [13, 29]), which may also affect 
how they represent human–AI relationships. Indeed, if an 
individual believes that an AI system has its own welfare, 
then this will likely affect whether they endorse care as 
appropriate for humans to direct towards AI. As such, these 
kinds of individual differences may be important to consider 
when evaluating the cognitive mechanisms underpinning 
human–human and human–AI relational norms.

The research design described above can be adapted 
to further address mechanism: For example, researchers 
might consider manipulating the way that AI systems are 
themselves described (e.g., in terms of current or predicted 
future capacities, anthropomorphic qualities). Alterna-
tively, researchers might depart from the self–report metrics 
described above, instead implementing various behavioral 
measures to test people’s applications of relational norms 
to human–AI cases (e.g., gauging how people may speak 
differently with a human versus an AI companion). These 
kinds of comparisons across measures could clarify whether 
people’s explicit beliefs about how relational norms should 
govern human–AI relationships align with their implicit 
attitudes and actual behavior.

Taken together, we see this kind of empirical project as 
an initial step towards understanding (and perhaps even 
forecasting) the nature of human–AI relationships. We see 
this as essential for informing the design and governance of 
AI systems that are more trustworthy, ethical, and aligned 
with human values.

4 Discussion and looking ahead

In this paper, we sketched how relational norms may differ 
between human–human and human–AI relationships across 
a range of contexts. We anticipate that some relational norms 
will transfer between human–human and human–AI rela-
tionships, whereas others will not. At present, we expect that 
people may be largely resistant to norms endorsing (costly) 
care–based behavior or mating–related behavior in human–
AI relationships, although perhaps to different degrees 
depending on the relationship (e.g., stronger norms against 
flirtatious behavior when the AI is programmed to mimic 
a supervisory relationship than when it is programmed to 
serve as a ‘romantic’ companion). People may also resist 
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include eliciting sensitive personal or medical information 
that could be used for targeted advertising, further model 
training, or sold to third parties [39]. Similarly, under-
standing how humans apply hierarchy–based norms to AI 
could be exploited to create AI systems that unduly influ-
ence human decision–making or behavior (e.g., in political 
contexts). Finally, there is also the risk that detailed knowl-
edge of human–AI relational norms could be used to create 
more convincing deepfakes or AI impersonation systems. 
By mimicking the relational norms that humans expect in 
specific social contexts, malicious actors could create AI 
systems that are increasingly effective at deceiving humans 
in social engineering attacks or by spreading misinforma-
tion [25]. We see these as significant concerns, but we also 
note that understanding the dual–use potential of increased 
knowledge about human–AI relational norms is itself neces-
sary to combat nefarious use cases.

While we are convinced that our proposed research 
program will provide valuable descriptive insights into 
human–AI relational norms, it is important to be clear about 
the distinction between descriptive findings and normative 
conclusions. Empirical data can inform, but cannot on their 
own determine, ethical prescriptions. The type of research 
we propose here offers a descriptive foundation upon which 
future normative work can build: We cannot make properly 
nuanced arguments about how things should be without 
first knowing how they are. AI systems have the poten-
tial to either reinforce or challenge existing norms, raising 
important ethical questions about which norms should be 
preserved or modified as human–AI interactions become 
more prevalent. However, again, such questions cannot be 
answered in the abstract. They require the type of empirical 
work we propose here.

Moreover, it is crucial to recognize that relational norms 
are not static but can change over time, often in response to 
evolving social values and practices. A prime example of 
this is the shift in the doctor–patient relationship over the 
past century.6 This relationship has moved from a paternal-
istic model, where doctors made decisions with little patient 
input, to one emphasizing patient autonomy and shared 
decision–making. What was once seen primarily through 
a lens of hierarchical “care” has incorporated stronger ele-
ments of patient self–determination. Such changes over time 
illustrate that while empirical data on cooperative functions 
in human–AI relationships are necessary, they do not them-
selves fully determine the extent to which these functions 
are normatively desirable.

To navigate the complex interplay between empirical 
findings and normative conclusions in this domain, we and 
other researchers can employ methodologies that bridge the 

6 We thank an anonymous reviewer for this key point and example, 
which we adopt with gratitude.

Yet, it is not only the area of application that is relevant for 
determining risk—some uses of AI in medicine or education 
will be more risky than others. Future regulations informed 
by, and sensitive to, human–AI relational norms are likely 
to do a better job of identifying and addressing such risks.

Similarly, much soft law and scholarship in the area of 
AI ethics focuses on principles—such as safety, transpar-
ency, and privacy—which the design, development, and 
use of AI systems should respect [35, 37, 51]. However, as 
mentioned previously, how these abstract notions should be 
interpreted will depend on the socio–relational role the AI 
system is occupying and the way humans interact with it. 
Thus, a better understanding of human–AI relational norms 
may be one way of getting beyond abstract debates about 
principles and closer to addressing practical problems with 
direct impacts on human users of AI systems.

In addition to studying these norms longitudinally, we 
also recommend that this research be conducted cross–
culturally. Advances in artificial intelligence may be not 
only transformative but radically transformative, lead-
ing “to societal change comparable to that precipitated by 
the agricultural or industrial revolutions” [30, p. 4]. These 
kinds of transformations affect the entire world, including 
future generations. Having a comprehensive understanding 
of human–AI relational norms for individuals of different 
backgrounds (e.g., within and outside of “WEIRD” cul-
tures; [1, 2]) may be an essential step towards designing AI 
systems that operate properly within (i.e., with due sensitiv-
ity to) diverse socio–cultural contexts.

Importantly, relational norms or associated cooperative 
expectations may not only differ across countries/cultures 
but also within them (e.g., by demographic factors, such 
as age, previous experience with technology, previous 
experience with AI). These differences may have impor-
tant implications for how AI systems are designed in light 
of relational norms. For example, AI systems designed to 
satisfy or adhere to the care function may have to exhibit 
very different types of caring behavior towards children, the 
elderly, and middle–aged adults.

In this paper, we have focused on how a better under-
standing of human–AI relational norms could be used to 
improve governance and use of AI systems. However, we 
recognize that this information, like conversational AI 
systems more generally, may be subject to dual–use risks 
[38]. Understanding how humans relate to AI systems dif-
ferently based on social role could be harmfully misused. 
For example, AI systems involved in human–AI care–based 
interactions could conceivably be designed to elicit per-
sonal information from the human relational partner, which 
could then be misused in various ways [31]. One straight-
forward example would be eliciting financial information, 
such as passwords or credit card numbers; other examples 
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Relationship–specific cooperative norms governing 
human–AI interactions represent a critical and largely 
unexplored frontier in AI ethics, governance, and design. 
By examining how people apply, adapt, or resist applying 
human–human relational norms in human–AI contexts, we 
can inform more nuanced AI development, governance, 
use, and integration strategies. The potential implications of 
this work are far–reaching, from improving the design of 
AI systems to informing more contextually–sensitive and 
effective AI regulations. Moreover, by tracking how these 
norms evolve over time and across cultures, we can better 
understand, prepare for, and influence the long–term societal 
impacts of widespread human–AI interaction. We call upon 
researchers across disciplines, policymakers, and AI devel-
opers to engage with this crucial area of study. Only through 
collaborative, interdisciplinary efforts can we hope to navi-
gate the complex landscape of human–AI relationships.

Acknowledgements  Any use of generative AI in this manuscript 
adheres to ethical guidelines for use and acknowledgement of gen-
erative AI in academic research [53]. Specifically, Anthropic’s Claude 
3.5 Sonnet was used during the writing of this manuscript to edit and 
shorten some passages of the authors’ own written text. Each author 
has made a substantial contribution to the work, which has been thor-
oughly vetted for accuracy, and assumes responsibility for the integrity 
of their contributions.

Funding This research/project is supported by the National Research 
Foundation, Singapore under its AI Singapore Programme (AISG 
Award No: -AISG3-GV-2023-012), by the National Institute for Health 
and Care Research (NIHR) Oxford Health Biomedical Research Cen-
tre (Award NIHR203316), by the Wellcome Trust (Wellcome Centre 
for Ethics and Humanities 203132/Z/16/Z), and by the Novo Nordisk 
Foundation grant for a scientifically independent International Col-
laborative Bioscience Innovation & Law Programme (Inter-CeBIL 
Programme, Grant no. NNF23SA0087056). The views expressed are 
those of the authors and do not necessarily reflect those of the funding 
bodies or by the Department of Health and Social Care.

Open Access  This article is licensed under a Creative Commons 
Attribution 4.0 International License, which permits use, sharing, 
adaptation, distribution and reproduction in any medium or format, 
as long as you give appropriate credit to the original author(s) and the 
source, provide a link to the Creative Commons licence, and indicate 
if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless 
indicated otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright 
holder. To view a copy of this licence, visit  h t t  p : / /  c r e  a t i  v e c o m m o n s . o 
r g / l i c e n s e s / b y / 4 . 0 /     .  

References

1. Atari, M., Haidt, J., Graham, J., Koleva, S., Stevens, S.T., Deh-
ghani, M.: Morality beyond the WEIRD: how the nomological 
network of morality varies across cultures. J. Pers. Soc. Psychol. 
125(5), 1157–1188 (2023). https:/ /doi.or g/10.10 37/ps pp0000470

descriptive–normative gap. Earp et al. [20] propose sev-
eral strategies for leveraging empirical data in the service 
of normative arguments within experimental philosophical 
bioethics. These strategies include assigning prima facie 
normative weight to widely–shared moral judgments among 
a group of stakeholders, if these judgments can be shown 
to be robust and appropriately responsive to normative rea-
sons; using “debunking” strategies to subtract normative 
weight from moral judgments that are fickle or inappropri-
ately responsive to normatively (ir)relevant factors (e.g., 
framing effects, but see [16]); and assigning comparable 
normative weight to diverse views among different groups 
of stakeholders, if these views can be shown to track dif-
ferent, yet reasonable underlying ethical commitments (i.e., 
adopting a policy of pluralism). All of these could be applied 
to research into human–AI relational norms. Complement-
ing this approach, Savulescu et al. [50] propose and defend 
the Collective Reflective Equilibrium in Practice (CREP) 
procedure, which integrates empirical data on stakeholder 
preferences and expert judgments with ethical principles to 
generate justified policy recommendations.

Ultimately, the empirical research program proposed 
here must be complemented by both “armchair” ethical 
theorizing in philosophy, as well as the types of integrative 
methodologies just mentioned. Nevertheless, we argue that 
it is crucial for all of these approaches to inform each other, 
and to be based on a rich descriptive understanding of the 
relational norms that people in different socio–cultural con-
texts do, in fact, hold—even if it is ultimately argued that 
some of these norms have undesirable consequences (or are 
intrinsically problematic) and should therefore be reformed 
or abandoned.

5 Conclusion

In the present work, we have argued that there may be con-
siderable value in understanding how people represent (and 
distinguish between) human–human and human–AI rela-
tional norms. As AI systems advance and continue to assume 
socio–relational roles traditionally filled by humans, it will 
be critical to understand how these developments may com-
plicate people’s cooperative expectations about relation-
ships—whether that be with other humans, or, indeed, with 
AI. Given the rapid pace of AI development, we think it is 
crucial to explore human–AI relational norms and translate 
these findings into contextually–sensitive AI governance 
and design. We expect that changes in human–AI relational 
norms will track with advances in AI models; we therefore 
urge policy–makers and scholars in this area to help facili-
tate and keep abreast of developments in research on, and 
understanding of, human–AI relational norms.

1 3

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1037/pspp0000470


AI and Ethics

20. Earp, B.D., Lewis, J., Dranseika, V., Hannikainen, I.R.: Experi-
mental philosophical bioethics and normative inference. Theor. 
Med. Bioeth. 42(3), 91–111 (2021).  h t t  p s : /  / d o  i . o  r g / 1 0 . 1 0 0 7 / s 1 1 0 
1 7 - 0 2 1 - 0 9 5 4 6 - z       

21. Earp, B.D., McLoughlin, K.L., Monrad, J.T., Clark, M.S., Crock-
ett, M.J.: How social relationships shape moral wrongness judg-
ments. Nat. Commun. 12(1), 5776 (2021).  h t t  p s : /  / d o  i . o  r g / 1 0 . 1 0 3 
8 / s 4 1 4 6 7 - 0 2 1 - 2 6 0 6 7 - 4       

22. European Parliament. EU AI Act: First Regulation on Artificial 
Intelligence (2024). https:/ /artifi cialint ellig enceact.eu/the-act/

23. Firt, E.: The missing G. AI Soc. 35(4), 995–1007 (2020).  h t t  p s : /  / 
d o  i . o  r g / 1 0 . 1 0 0 7 / s 0 0 1 4 6 - 0 2 0 - 0 0 9 4 2 - y       

24. Gabriel, I., Manzini, A., Keeling, G., Hendricks, L.A., Rieser, 
V., Iqbal, H., Tomašev, N., Ktena, I., Kenton, Z., Rodriguez, 
M., El-Sayed, S., Brown, S., Akbulut, C., Trask, A., Hughes, E., 
Bergman, A.S., Shelby, R., Marchal, N., Griffin, C., Isaac, W., 
Manyika, J.: The ethics of advanced AI assistants (2024).  h t t  p s : /  / 
d o  i . o  r g / 1 0 . 4 8 5 5 0 / a r X i v . 2 4 0 4 . 1 6 2 4 4       

25. Gallagher, S., Gelman, B., Taoufiq, S., Vörös, T., Lee, Y., Kya-
dige, A., Bergeron, S.: Phishing and social engineering in the age 
of LLMs. In: Kucharavy, A., Plancherel, O., Mulder, V., Mer-
moud, A., Lenders, V. (eds.) Large Language Models in Cyber-
security: Threats, Exposure and Mitigation, pp. 81–86. Springer 
Nature, Switzerland (2024).  h t t  p s : /  / d o  i . o  r g / 1 0 . 1 0 0 7 / 9 7 8 - 3 - 0 3 1 - 5 
4 8 2 7 - 7 _ 8       

26. Gao, S., He, L., Chen, Y., Li, D., Lai, K.: Public perception of 
artificial intelligence in medical care: content analysis of social 
media. J. Med. Internet Res. 22(7), e16649 (2020).  h t t p s : / / d o i . o r g 
/ 1 0 . 2 1 9 6 / 1 6 6 4 9       

27. Goertzel, B.: The Hidden Pattern: A Patternist Philosophy of 
Mind. BrownWalker Press, Irvine (2006)

28. Good, I.J.: Speculations Concerning the First Ultraintelligent 
Machine. Elsevier, Amsterdam (1966)

29. Gray, H.M., Gray, K., Wegner, D.M.: Dimensions of mind per-
ception. Science 315(5812), 619 (2007).  h t t  p s : /  / d o  i . o  r g / 1 0 . 1 1 2 6 / s 
c i e n c e . 1 1 3 4 4 7 5       

30. Gruetzemacher, R., Whittlestone, J.: Defining and unpacking 
transformative AI (2019). arXiv:1912.00747v1

31. Gumusel, E., Zhou, K. Z., Sanfilippo, M.R.: User privacy harms 
and risks in conversational AI: a proposed framework (2024). 
arXiv:2402.09716

32. Haidt, J., Baron, J.: Social roles and the moral judgement of acts 
and omissions. Eur. J. Soc. Psychol. 26(2), 201–218 (1996)

33. Hamilton, V.L., Sanders, J.: The effect of roles and deeds on 
responsibility judgments: the normative structure of wrongdoing. 
Soc. Psychol. Q. 44(3), 237–254 (1981).  h t t  p s : /  / d o  i . o  r g / 1 0 . 2 3 0 7 / 
3 0 3 3 8 3 6       

34. Hester, N., Gray, K.: The moral psychology of raceless, gender-
less strangers. Perspect. Psychol. Sci. 15(2), 216–230 (2020). 
https:/ /doi.or g/10.11 77/17 45691619885840

35. Jobin, A., Ienca, M., Vayena, E.: The global landscape of AI eth-
ics guidelines. Nat. Mach. Intell. 1(9), 389–399 (2019).  h t t  p s : /  / d o  
i . o  r g / 1 0 . 1 0 3 8 / s 4 2 2 5 6 - 0 1 9 - 0 0 8 8 - 2       

36. Kempt, H.: Synthetic friends. In: Synthetic Friends, pp. 111–161. 
Springer International Publishing, Berlin (2022)

37. Khan, A.A., Badshah, S., Liang, P., Khan, B., Waseem, M., Niazi, 
M., Akbar, M.A.: Ethics of AI: a systematic literature review of 
principles and challenges (2021).  h t t  p s : /  / d o  i . o  r g / 1 0 . 4 8 5 5 0 / a r X i v . 
2 1 0 9 . 0 7 9 0 6       

38. Koplin, J.J.: Dual-use implications of AI text generation. Ethics 
Inf. Technol. 25(2), 32 (2023).  h t t  p s : /  / d o  i . o  r g / 1 0 . 1 0 0 7 / s 1 0 6 7 6 - 0 2 
3 - 0 9 7 0 3 - z       

39. Kumar, V., Ashraf, A.R., Nadeem, W.: AI-powered marketing: 
what, where, and how? Int. J. Inf. Manag. 77, 102783 (2024). 
https:/ /doi.or g/10.10 16/j. ijinfomgt.2024.102783

2. Atari, M., Xue, M.J., Park, P.S., Blasi, D., Henrich, J.: Which 
humans? (2023). https://osf.io/5b26t

3. Bender, E.M., Gebru, T., McMillan-Major, A., Shmitchell, S.: 
On the dangers of stochastic parrots: can language models be too 
big? In: Proceedings of the 2021 ACM Conference on Fairness, 
Accountability, and Transparency, pp. 610–623 (2021).  h t t  p s : /  / d o  
i . o  r g / 1 0 . 1 1 4 5 / 3 4 4 2 1 8 8 . 3 4 4 5 9 2 2       

4. Biden, J.R.: Executive order on the safe, secure, and trustworthy 
development and use of artificial intelligence (2023).  h t t  p s : /  / w w  
w . w  h i t  e h o  u s e .  g o  v / b  r i e fi   n g  - r o  o m /  p r e  s i d e  n t  i a l  - a c t  i o n  s / 2  0 2 3 / 1 0 / 3 0 
/ e x e c u t i v e - o r d e r - o n - t h e - s a f e - s e c u r e - a n d - t r u s t w o r t h y - d e v e l o p m e 
n t - a n d - u s e - o f - a r t i fi  c i a l - i n t e l l i g e n c e /       

5. Bigman, Y.E., Wilson, D., Arnestad, M.N., Waytz, A., Gray, K.: 
Algorithmic discrimination causes less moral outrage than human 
discrimination. J. Exp. Psychol. Gen. 152(1), 4–27 (2023).  h t t  p s : 
/  / d o  i . o  r g / 1 0 . 1 0 3 7 / x g e 0 0 0 1 2 5 0       

6. Bloom, P.: Family, community, trolley problems, and the crisis in 
moral psychology. Yale Rev. 99(2), 26–43 (2011).  h t t  p s : /  / d o  i . o  r g / 
1 0 . 1 1 1 1 / j . 1 4 6 7 - 9 7 3 6 . 2 0 1 1 . 0 0 7 0 1 . x       

7. Bostrom, N.: Superintelligence: Paths, Dangers, Strategies. 
Oxford University Press, Oxford (2014)

8. Bubeck, S., Chandrasekaran, V., Eldan, R., Gehrke, J., Horvitz, 
E., Kamar, E., Lee, P., Lee, Y.T., Li, Y., Lundberg, S., Nori, H., 
Palangi, H., Ribeiro, M.T., Zhang, Y.: Sparks of artificial general 
intelligence: early experiments with GPT-4 (2023).  h t t  p s : /  / d o  i . o  r 
g / 1 0 . 4 8 5 5 0 / a r X i v . 2 3 0 3 . 1 2 7 1 2       

9. Bugental, D.B.: Acquisition of the algorithms of social life: a 
domain-based approach. Psychol. Bull. 126(2), 187–219 (2000). 
https:/ /doi.or g/10.10 37/00 33-2909.126.2.187

10. Chalmers, D.J.: Could a large language model be conscious? 
(2023). https:/ /doi.or g/10.48 550/a rXiv.2303.07103

11. Clark, M.S., Mills, J.: The difference between communal and 
exchange relationships: what it is and is not. Pers. Soc. Psychol. 
Bull. 19(6), 684–691 (1993).  h t t  p s : /  / d o  i . o  r g / 1 0 . 1 1 7 7 / 0 1 4 6 1 6 7 2 9 
3 1 9 6 0 0 3       

12. Coeckelbergh, M.: Technology games/gender games. from Witt-
genstein’s toolbox and language games to gendered robots and 
biased artificial intelligence. In: Feminist Philosophy of Technol-
ogy, pp. 27–38. Springer (2020).  h t t  p s : /  / d o  i . o  r g / 1 0 . 1 0 0 7 / 9 7 8 - 3 - 4 
7 6 - 0 4 9 6 7 - 4 _ 2       

13. Colombatto, C., Fleming, S.M.: Folk psychological attributions 
of consciousness to large language models. Neurosci. Conscious. 
2024(1), niae013 (2024). https:/ /doi.or g/10.10 93/nc /niae013

14. Curry, O.S., Jones Chesters, M., Van Lissa, C.J.: Mapping moral-
ity with a compass: testing the theory of ‘morality-as-coopera-
tion’ with a new questionnaire. J. Res. Pers. 78, 106–124 (2019). 
https:/ /doi.or g/10.10 16/j. jrp.2018.10.008

15. Danaher, J.: Toward an ethics of AI assistants: an initial frame-
work. Philos. Technol. 31(4), 629–653 (2018).  h t t  p s : /  / d o  i . o  r g / 1 0 . 
1 0 0 7 / s 1 3 3 4 7 - 0 1 8 - 0 3 1 7 - 3       

16. Demaree-Cotton, J.: Do framing effects make moral intuitions 
unreliable? Philos. Psychol. 29(1), 1–22 (2016).  h t t  p s : /  / d o  i . o  r g / 
1 0 . 1 0 8 0 / 0 9 5 1 5 0 8 9 . 2 0 1 4 . 9 8 9 9 6 7       

17. Depounti, I., Saukko, P., Natale, S.: Ideal technologies, ideal 
women: AI and gender imaginaries in Redditors’ discussions 
on the Replika bot girlfriend. Media Cult. Soc. 45(4), 720–736 
(2023). https:/ /doi.or g/10.11 77/01 634437221119021

18. Dong, M., Conway, J., Bonnefon, J.-F., Shariff, A., Rahwan, I.: 
A psychological model predicts fears about artificial intelligence 
across 20 countries and 6 domains of application (2023).  h t t  p s : /  / o 
s  f . i  o / p r e p r i n t s / p s y a r x i v / p j v q t       

19. Earp, B.D., McLoughlin, K.L., Calcott, R., Caraccio, M., Mon-
rad, J.T., Owen, A.M., Crockett, M.J., Clark, M.S.: How social 
relationships shape praise and blame: Strengthening and extend-
ing the relational norms model (2025).  h t t  p s : /  / w w  w . r  e s e a r c h g a t e . 
n e t / p u b l i c a t i o n / 3 8 7 9 5 9 2 6 5       

1 3

https://doi.org/10.1007/s11017-021-09546-z
https://doi.org/10.1007/s11017-021-09546-z
https://doi.org/10.1038/s41467-021-26067-4
https://doi.org/10.1038/s41467-021-26067-4
https://artificialintelligenceact.eu/the-act/
https://doi.org/10.1007/s00146-020-00942-y
https://doi.org/10.1007/s00146-020-00942-y
https://doi.org/10.48550/arXiv.2404.16244
https://doi.org/10.48550/arXiv.2404.16244
https://doi.org/10.1007/978-3-031-54827-7_8
https://doi.org/10.1007/978-3-031-54827-7_8
https://doi.org/10.2196/16649
https://doi.org/10.2196/16649
https://doi.org/10.1126/science.1134475
https://doi.org/10.1126/science.1134475
http://arxiv.org/abs/1912.00747v1
http://arxiv.org/abs/2402.09716
https://doi.org/10.2307/3033836
https://doi.org/10.2307/3033836
https://doi.org/10.1177/1745691619885840
https://doi.org/10.1038/s42256-019-0088-2
https://doi.org/10.1038/s42256-019-0088-2
https://doi.org/10.48550/arXiv.2109.07906
https://doi.org/10.48550/arXiv.2109.07906
https://doi.org/10.1007/s10676-023-09703-z
https://doi.org/10.1007/s10676-023-09703-z
https://doi.org/10.1016/j.ijinfomgt.2024.102783
https://osf.io/5b26t
https://doi.org/10.1145/3442188.3445922
https://doi.org/10.1145/3442188.3445922
https://www.whitehouse.gov/briefing-room/presidential-actions/2023/10/30/executive-order-on-the-safe-secure-and-trustworthy-development-and-use-of-artificial-intelligence/
https://www.whitehouse.gov/briefing-room/presidential-actions/2023/10/30/executive-order-on-the-safe-secure-and-trustworthy-development-and-use-of-artificial-intelligence/
https://www.whitehouse.gov/briefing-room/presidential-actions/2023/10/30/executive-order-on-the-safe-secure-and-trustworthy-development-and-use-of-artificial-intelligence/
https://www.whitehouse.gov/briefing-room/presidential-actions/2023/10/30/executive-order-on-the-safe-secure-and-trustworthy-development-and-use-of-artificial-intelligence/
https://doi.org/10.1037/xge0001250
https://doi.org/10.1037/xge0001250
https://doi.org/10.1111/j.1467-9736.2011.00701.x
https://doi.org/10.1111/j.1467-9736.2011.00701.x
https://doi.org/10.48550/arXiv.2303.12712
https://doi.org/10.48550/arXiv.2303.12712
https://doi.org/10.1037/0033-2909.126.2.187
https://doi.org/10.48550/arXiv.2303.07103
https://doi.org/10.1177/0146167293196003
https://doi.org/10.1177/0146167293196003
https://doi.org/10.1007/978-3-476-04967-4_2
https://doi.org/10.1007/978-3-476-04967-4_2
https://doi.org/10.1093/nc/niae013
https://doi.org/10.1016/j.jrp.2018.10.008
https://doi.org/10.1007/s13347-018-0317-3
https://doi.org/10.1007/s13347-018-0317-3
https://doi.org/10.1080/09515089.2014.989967
https://doi.org/10.1080/09515089.2014.989967
https://doi.org/10.1177/01634437221119021
https://osf.io/preprints/psyarxiv/pjvqt
https://osf.io/preprints/psyarxiv/pjvqt
https://www.researchgate.net/publication/387959265
https://www.researchgate.net/publication/387959265


AI and Ethics

Rodger, D., Treit, P.V., Renard, G., McMillan, J., Savulescu, 
J.: Generative AI entails a credit-blame asymmetry. Nat. 
Mach. Intell. 5(5), 472–475 (2023). https:/ /doi.or g/10.10 38/s4 
2256-023-00653-1

49. Rai, T.S., Fiske, A.P.: Moral psychology is relationship regula-
tion: moral motives for unity, hierarchy, equality, and proportion-
ality. Psychol. Rev. 118(1), 57–75 (2011).  h t t  p s : /  / d o  i . o  r g / 1 0 . 1 0 3 7 
/ a 0 0 2 1 8 6 7       

50. Savulescu, J., Gyngell, C., Kahane, G.: Collective reflective equi-
librium in practice (CREP) and controversial novel technologies. 
Bioethics 35(7), 652–663 (2021).  h t t  p s : /  / d o  i . o  r g / 1 0 . 1 1 1 1 / b i o e . 1 2 
8 6 9       

51. UNESCO. Recommendation on the ethics of artificial intelli-
gence (2021).  h t t  p s : /  / w w  w . u  n e s  c o .  o r g /  e n  / a r t i c l e s / r e c o m m e n d a t i 
o n - e t h i c s - a r t i fi  c i a l - i n t e l l i g e n c e       

52. Weidinger, L., Uesato, J., Rauh, M., Griffin, C., Huang, P.-S., 
Mellor, J., Glaese, A., Cheng, M., Balle, B., Kasirzadeh, A., Biles, 
C., Brown, S., Kenton, Z., Hawkins, W., Stepleton, T., Birhane, 
A., Hendricks, L.A., Rimell, L., Isaac, W., Irving, G., Gabriel, I.: 
Taxonomy of risks posed by language models. In: Proceedings 
of the 2022 ACM Conference on Fairness, Accountability, and 
Transparency, pp. 214–229 (2022).  h t t  p s : /  / d o  i . o  r g / 1 0 . 1 1 4 5 / 3 5 3 1 
1 4 6 . 3 5 3 3 0 8 8       

53. Porsdam Mann, S., Vazirani, A.A., Aboy, M. et al.: Guidelines 
for ethical use and acknowledgement of large language models in 
academic writing. Nat. Mach. Intell. 6, 1272–1274 (2024). https:   
//d oi. or g/10 .103 8/ s42 256-0 24-00922-7

Publisher's Note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

40. Lee, M.K.: Understanding perception of algorithmic decisions: 
fairness, trust, and emotion in response to algorithmic manage-
ment. Big Data Soc. 5(1), 2053951718756684 (2018).  h t t  p s : /  / d o  i 
. o  r g / 1 0 . 1 1 7 7 / 2 0 5 3 9 5 1 7 1 8 7 5 6 6 8 4       

41. Legg, S., Hutter, M.: A formal measure of machine intelligence 
(2006). arXiv:cs/0605024

42. Makovi, K., Sargsyan, A., Li, W., Bonnefon, J.-F., Rahwan, T.: 
Trust within human-machine collectives depends on the per-
ceived consensus about cooperative norms. Nat. Commun. 14(1), 
3108 (2023). https:/ /doi.or g/10.10 38/s4 1467-023-38592-5

43. Mallick, R., Flathmann, C., Lancaster, C., Hauptman, A., 
McNeese, N., Freeman, G.: The pursuit of happiness: the power 
and influence of AI teammate emotion in human-AI teamwork 
(2023).  h t t  p s : /  / w w  w . t  a n d  f o n  l i n e  . c  o m / d o i / a b s / 1 0 . 1 0 8 0 / 0 1 4 4 9 2 9 X 
. 2 0 2 3 . 2 2 7 7 9 0 9       

44. Maria, K., Drigas, A., Skianis, C.: Chatbots as cognitive, educa-
tional, advisory & coaching systems education. Tech. Soc. Sci. J. 
30, 109–126 (2022)

45. Mills, J., Clark, M.S.: Communal and exchange relationships: 
controversies and research. In: Theoretical Frameworks for Per-
sonal Relationships. Psychology Press, Hove (1994)

46. Müller, V.C., Bostrom, N.: Future progress in artificial intel-
ligence: a survey of expert opinion. In: Müller, V.C. (ed.) Fun-
damental Issues of Artificial Intelligence, pp. 555–572. Springer 
International Publishing, Berlin (2016).  h t t  p s : /  / d o  i . o  r g / 1 0 . 1 0 0 7 / 9 
7 8 - 3 - 3 1 9 - 2 6 4 8 5 - 1 _ 3 3       

47. Pauketat, J.V.T., Anthis, J.R.: Predicting the moral consideration 
of artificial intelligences. Comput. Hum. Behav. 136, 107372 
(2022). https:/ /doi.or g/10.10 16/j. chb.2022.107372

48. Porsdam Mann, S., Earp, B.D., Nyholm, S., Danaher, J., Møller, 
N., Bowman-Smart, H., Hatherley, J., Koplin, J., Plozza, M., 

1 3

https://doi.org/10.1038/s42256-023-00653-1
https://doi.org/10.1038/s42256-023-00653-1
https://doi.org/10.1037/a0021867
https://doi.org/10.1037/a0021867
https://doi.org/10.1111/bioe.12869
https://doi.org/10.1111/bioe.12869
https://www.unesco.org/en/articles/recommendation-ethics-artificial-intelligence
https://www.unesco.org/en/articles/recommendation-ethics-artificial-intelligence
https://doi.org/10.1145/3531146.3533088
https://doi.org/10.1145/3531146.3533088
https://doi.org/10.1038/s42256-024-00922-7
https://doi.org/10.1038/s42256-024-00922-7
https://doi.org/10.1177/2053951718756684
https://doi.org/10.1177/2053951718756684
http://arxiv.org/abs/cs/0605024
https://doi.org/10.1038/s41467-023-38592-5
https://www.tandfonline.com/doi/abs/10.1080/0144929X.2023.2277909
https://www.tandfonline.com/doi/abs/10.1080/0144929X.2023.2277909
https://doi.org/10.1007/978-3-319-26485-1_33
https://doi.org/10.1007/978-3-319-26485-1_33
https://doi.org/10.1016/j.chb.2022.107372

	The need for an empirical research program regarding human–AI relational norms
	Abstract
	1 Relational norms in human–human relationships
	2 Relational norms in human–AI relationships
	2.1 A caveat about types of AIs

	3 Empirical proposal
	3.1 Probing human–AI relational norms

	4 Discussion and looking ahead
	5 Conclusion
	References


