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Abstract: Interaction with social agents employing natural language have been discussed especially since
Weizenbaum (1966) observed the social effects of his chatbot named 'Eliza’, which imitated a client-centered
conversation. With Nass and Reeves’ media equation theory and computers as social actors paradigm, a well-
tested framework has been introduced to the study of human-computer interaction. In the 1990s, there was a
renewed focus on natural language analysis, which has become a crucial area of research in machine learning.
Recent advancements in data processing and storage capacities have led to the development of Al-generated
utterances that closely resemble human utterances. As a result, Al-based systems can now mimic social
relationships to a significant extent. In light of these technological developments, the article explores whether
quasi-social relationships should be considered within the field of social psychology and examines the potential
advantages and challenges of this approach.
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1. Introduction

The burgeoning prominence of artificial intelligence (Al) applications in contemporary society
warrants increased scrutiny regarding their impact on human behavior and relationships. Especially
the introduction of the Transformer model [1] as employed in, for instance, ChatGPT and GPT-4,
enabled interactions that are closer to human-human-interaction than any artificial system mimicking
human interaction before could provide. This development signified a milestone in generative Al,
but also holds implications for the field of psychology and social psychology in particular. In this
paper, we understand Al according to Innes and Morrisson [2] who stated that Al imitates human
abilities in terms of sensing the environment, learning, thinking, and reacting in response. The word
'imitate’ should be emphasized in our conceptualization. We do not assume any semantic
understanding. Research started addressing human-AlI relationships (e.g., friendships, romantic or
therapeutic relationships) [3-5] wherein individuals develop emotional attachments to
conversational agents like chatbots, highlighting the potential implications of prolonged engagement
with anthropomorphized algorithms. The interest in researching the interaction with social agents is
not a recent phenomenon. Even in the 1960s, Weizenbaum [6] examined interaction processes
between clients and his chatbot 'Eliza'. In this line of reasoning, frameworks such as media equation
theory [7] and computers as social actors paradigm [8] have evolved. This research has reached a new
level of relevance due to the increasing importance of understanding how people interact with the
new generation of chatbots that are easily available and even customizable. In addition, Gambino et
al. [8] noted the possibility of a reserved effect, whereby interactions with social agents may shape
ensuing human-human interactions. This is supported by recent work by Guingrich and Graziano,
who argue that schema activation may lead persons to ascribe consciousness to Al systems, which in
turn affects the way other humans are treated [3]. Given these developments, it becomes crucial to
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examine how Al influences our daily lives and relationships, particularly concerning text- and
speech-based output irrespective of underlying technical complexities.

Although numerous fields of study, such as human-computer interaction (discipline that
examines user experience design when interacting with computers), human-robot interaction (the
investigation of collaboration between humans and robots through physical or virtual means), and
explainable Al (discipline that focuses on the enhancement of transparency of algorithmic decision-
making processes), have emerged in response to rapid advancements in Al and especially machine
learning, they predominantly emphasized technological appearances or usability over nuanced
exploration of socio-behavioral consequences. Machine learning (ML) refers to a subfield of artificial
intelligence that leverages statistical methods and computational algorithms to enable self-improving
systems which learn from data patterns for enhanced prediction, decision-making, and problem-
solving capabilities [4]. The development of Transformer [1] was an important step to enhance the
technology behind Large Language Models (LLM) [5]. LLM represent a form of artificial neural
networks that stem from the field of Natural Language Processing, and serve different purposes of
language processing, including the generation of natural language, which, in turn, represents a form
of generative Al To date, different forms of generative Al can be combined to multimodal Al, which
can process several modalities like image and text.

To fill the — in some regards subtle, in others obvious — research gap regarding social-behavioral
consequences, we propose expanding the scope of applied social psychology to incorporate
examination of human-Al interaction and elucidate its concomitant effects using key theories
anchored in this discipline such as social cognitive theory, decision making, and self-disclosure etc.

Our focus diverges from extant efforts harnessing psychological principles to enhance Al
functionality; instead, we underscore the value of delving into social psychology due to its emphasis
on intricate facets of social interaction. Furthermore, differentiating ourselves from the use of Al as a
research tool within social psychology [6], we concentrate on exploring the reciprocity between Al
and human behavior. By doing so, we focus on 'weak' Al —an Al that processes information provided
to solve relatively specific tasks — instead of 'strong AI' — which would be an Al with a self-
consciousness and own goals and which — to date — does not exist. Whether its existence is possible
is the subject of much debate e.g., [7-9]. This approach is in line with Innes and Morrison [10] who
stated the importance of further researching weak Al from a psychological perspective. Thus, this
review aims to provide compelling evidence supporting the integration of social psychology theory
into Al research agendas, ultimately benefiting people in social interaction, users and developers
alike.

1.1. Social Psychology

Before discussing how social psychology provides a new perspective on Al it is important to
discuss what social psychology entails. Social psychology is a discipline of psychology that focuses
on social situations and interactions. In his seminal definition, [11] (p 12) states that social psychology
is “the science which studies the behavior of the individual in so far as his behavior stimulates other
individuals, or is itself a reaction to their behavior; and which describes the consciousness of the
individual in so far as it is a consciousness of social objects and social reactions". In other words, social
psychology is about exploring individuals in social situations and includes thinking and
experiencing, attitudes, prosocial and antisocial behavior. The importance of this research approach
is evident for various areas of life. However, given that social psychology primarily concerns the
interactions between living human individuals, it is unclear how Al fits into this field. To answer this,
two additional questions arise:

RQ1: Is there an "imagined or actual presence of other persons” (following the definition of Allport) when
individuals interact with AI?
RQ2: Can an Al be perceived as a social actor?

For addressing this questions, we will briefly overview influential work on this topic from
various perspectives in the following sections.
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1.2. Human-Computer Interaction

In considering the current literature on Al and its interactions with human individuals and vice
versa, it is evident that the discipline of human-computer interaction (HCI) represents a central
approach to be considered. HCI is a discipline that strives to find answers to the question how
interaction with a technology is comfortable or easy for the user [12,13], in particular how aspects of
usability can be improved. Moreover, HCI is an interdisciplinary approach that combines “the fields
of computer science and psychology and cognitive sciences” [14] (p 4). In a systematic review Nazar
et al. further argue that HCI and Al are working closely together because “Al mimics human beings
to build intelligent systems, and HCI attempts to understand human beings to adapt the machine to
improve safety, efficiency, and user experience” [14] (p 4). A new field emerged from the interaction
of HCI and Al which is called explainable artificial intelligence (XAI). The main focus of this field is
to solve the black box problem regarding the question of how Al technology comes to specific
decisions [14,15]. Such a transparency about decision making is important when humans use AL
However, it does not answer the question of human decision making and the process of (social)
interaction with Al Therefore, it is necessary to take a closer look on another field of research that
more specifically addresses the question of how individuals interact with AL

1.3. Human-AI and Human-Chatbot Interaction

Back in the 1960s, Joseph Weizenbaum created a chatbot named 'Eliza’ that was intended to
emulate interpersonal interaction [16]. With Eliza, Weizenbaum mocked the conversation style of
person-centered psychotherapy. However, he observed that people wished to interact with Eliza in
a serious way. His secretary, for instance, even asked him to leave the room in order to interact with
Eliza without disturbance [16]. Therefore, the effect that people ascribe human qualities to textual
output from computers was later coined 'Eliza effect' by Hofstadter [17].

During the 1990s, there was a renewed emphasis on natural language analysis, which has since
become a crucial area of research in machine learning [18]. Due to advances in data processing speed
and increased storage capacities and the resulting availability of data, Al-generated utterances are
now possible that can hardly be distinguished from human utterances [19]. The processing or
generation of natural language by algorithms is referred to as natural language processing (NLP). In
this context, Al and computational linguistic methods are utilized. The object can be the recognition
of moods in texts, the automated generation of language and the recording of the content and context
of language to generate summaries [18]. This technology is used in chatbots and spoken dialog
systems (e.g., voice assistants Alexa, Microsoft Cortana, Apple Siri, etc.). In recent years, there has
been considerable progress in NLP once again. NLP can generate texts that are indistinguishable from
human-written (and even human-spoken) texts. Subjectivity has been excluded from this evaluation.
However, people differ from NLP models in their understanding of the content, intentions, and
emotions conveyed.

The best-known example at the moment is ChatGPT 40, which has been announced by Open Al
in May 2024 and which follows the models 4, 3.5 to the GPT-3 language model published in 2020 . It
is a so-called autoregressive language model. It learns from its own data without formalizing rules
in advance and is constantly improving [19]. In addition, the model is trained with the help of people
who improve it through reinforcement learning and 'train' it away from undesirable results. ChatGPT
passed a law review at the University of Minnesota in early 2023 [20] and is currently being discussed
at how it changes different life domains such as learning, teaching, and working. In this article, we
aim to highlight another aspect of the ongoing discourse by the question whether also personal
relationships are influenced when interacting regularly with an Al

Most experts in various fields agree on one thing which is that Al and NLP in particular will
lead to lasting societal changes [21]. Efforts are being made to shape chatbots in an engaging way, to
foster longer interactions [22]. When considering this, the two research questions posed above gain
further importance. Nevertheless, the question of whether human-like characteristics can be ascribed
to machines, computers or other artificial systems is not new. Therefore, we will look at different
theories from social psychology that already tried to answer this question.
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1.4. Theoretical Approaches

1.4.1. Media Equation Theory

According to the media equation theory, proposed by Reeves and Nass [23], individuals interact
with technology and media, such as computers or voice assistants, in a manner similar to how they
would interact with other people. This should be the case even when aware that they are not
communicating with a human counterpart. Reeves and Nass conducted several experiments
demonstrating that individuals exhibit polite behavior towards computers [23], as well as attribute
personality traits, gender, and social roles to them [23]. Additionally, individuals treat computers
differently based on whether they are on the same or opposing team. The activation of mental models
is cited as one of the underlying mechanisms for the thoughtless application of social scripts.

1.4.2. Computers as Social Actors Framework

The CASA framework was developed based on media equation theory [24]. It proposes that
computers can be perceived as social actors. The assumptions of this theory were tested using
advanced technologies such as chatbots [25] and embodied agents [26]. Gambino et al. [24] also
identified characteristics of these newer technical social agents: anthropomorphism, personalization,
bandwidth cues, time, and evolving relationships can impact human-social agent interaction.
Additionally, increasing experience may lead to differences between human-human and human-
social agent interaction. It is important to investigate the nature of these scripts using inductive
methods. As stated above, Gambino et al. [24] noted the possibility of a reverse effect, where human-
human interactions are influenced by interactions with social agents. Recent research suggests that
knowing the interlocutor is an Al may diminish its positive effects and even, compared to human,
superior performance in showing emotional support [27]. As with the upcoming of chatbots and
embodied agents, the assumptions of CASA and the extensions proposed by Gambino et al. [24] have
to be tested with to date Large Language Models (LLM). Heyselaar [28] discovered that CASA seems
to be applicable especially to emergent technologies, but vanishes when technology (such as desktop
computers) is not novel anymore. These finding suggests that CASA should be tested over a larger
period of time [29].

1.5. Answering the Research Questions

From a theoretical perspective, there is sufficient evidence to assume that interaction with Al-
based speech generation can create quasi-social situations, even though the activated scripts may
differ from a comparable human-human interaction due to persons’ experience with use.
Nevertheless, based on the Media Equation Theory and the CASA framework, the research questions
can partially be answered positively. Theoretical assumptions are in line with empirical evidence
which suggests that Al can be perceived as a social actor (RQ2). It also seems that individuals imagine
or experience the presence of other people when interacting with AI (RQ1), although it is more
difficult to answer this question given the state of research. We will argue for various aspects in the
field of applied social psychology that should be considered as Al and NLP become more prevalent
in daily life. Nevertheless, the incorporation of social psychology into this analysis does not negate
the existence of significant distinctions between humans and Al The growing capacity to emulate
human conduct presents a significant challenge to social psychology, compelling it to persistently re-
examine and refine its definitions.

1.6. Importance of Al for Applied Social Psychology

When trying to understand how individuals interact with Al or NLP technologies, several
theories and approaches from social psychology should be reconsidered in this new application area.
In the following, we would like to present some exemplary theories and research areas from social
psychology and how our understanding of human-Al interaction might benefit from employing
them in this context.
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1.6.1. Social Learning Theory

In the field of social psychology, one influential theory is social learning theory, which posits
that individuals learn behaviors through observation and imitation of others in their social
environment [30]. This theory explains how individuals adapt their behavior according to behavior
of significant others in order to reach a desired outcome [30]. The same may happen when interacting
with an Al. As Al systems become increasingly integrated into our daily lives, they have the potential
to both model and reinforce certain social behaviors. For instance, an Al-powered personal assistant
that prioritizes efficiency over politeness may encourage users to adopt similarly brusque
communication styles. Conversely, an Al system that serves as a therapist (see above) models
respectful and empathetic behavior can serve as a positive influence on users' interactions with
others. Therefore, in line with Gambino et al. [24], we argue that the requirements of the Al do not
only influence our communication style and behavior towards the Al itself [31,32] but also towards
other people when certain communication styles and behaviors are practiced and internalized (see
also [3])

An additional consideration pertains to the opportunity to individualize AI conversational
agents based on one's distinct necessities and objectives. The same is generally unattainable in human
relationships due to natural limitations in availability and compatibility; no matter how compatible
two individuals may be, there will always remain limits to mutual adaptation. In contrast, Al systems
offer greater flexibility in terms of responsiveness and availability, adjusting themselves to user
demands without tiring or requiring reciprocity; they can even have a positive impact on well-being
[33] Despite these advantages, several challenges arise in the context of human-Al interaction, one
example of study is “Replika” [34,35]. Continuous engagement with an entity capable of fulfilling
every desire may hinder the development and maintenance of essential social skills required for
successful real-life interactions. It may become more complicated to interact with other individuals
in real life who naturally do not bring the same level of empathy as the Al does. We argue that it
needs more research in this field, for instance longitudinal studies that examine how individual
interaction may change when continually using a highly adaptive and responsive Al (in this realm,
see also [3]). It may be that such studies reveal that the preservation of social skills is a crucial skill
that should be considered from an ethical perspective when designing personalized Als. Two main
issues may fundamentally separate Al companions from humans to date in terms of being able to
fulfill humans’ social needs: most social Al applications are for now limited to text, voice or an avatar
and lack a bodily representation in three-dimensional space (for instance, in form of a robotic
representation). Moreover, the lack of semantic understanding [36] limits not only its conversational
abilities, but also the perception as a coherent social entity — not to speak of not being a human being.

1.6.2. Social Cognitive Theory

Social cognitive theory [37] is another example of application for which challenges arise in the
context of human-Al interaction. According to social cognitive theory, individuals learn new
behaviors through observation, imitation, and reinforcement, suggesting that Al applications have
immense potential to shape both conscious and unconscious thought patterns. A prominent example
for this and research area in social psychology are biases. It is important to consider whether biases
occur in human-Al interaction in a similar way they do in real life interactions. Biases refer to
systematic errors in judgment or decision-making that stem from cognitive processes influenced by
factors such as stereotypes, heuristics, or personal experiences [38]. These biases can manifest in
various forms and may influence the interaction between humans and NLP technologies. Compelling
examples are the confirmation bias or, in this case, automation bias [39,40] and the availability bias
[41]. The confirmation bias describes the fact that humans tend to seek out information that confirms
their own beliefs while ignoring contradictory information [42]. The availability bias occurs when
humans overestimate the likelihood of information based on their ease of recall from memory [41].
Both biases are well researched when it comes to human-human communication. Nevertheless, the
same or similar processes may happen when interacting with Al. On one hand, humans may ask
questions in a way that increase the likelihood of receiving biased information (e.g., suggestive
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question). On the other hand, humans tend to exhibit confirmation bias by selectively interpreting or
accepting information generated by the system that aligns with their preconceptions. This could lead
to distorted perceptions and reinforce cognitive biases. Moreover, users may be more likely to accept
information provided by the system that is readily available or easily retrievable, even if it is not
necessarily accurate or representative of the broader context. However, so far, it is unclear to what
degree biases from human-human interaction differ to when humans interact with NLP technologies.

Another important point when it comes to biases in human-Al interaction is that Al response
mechanisms often reflect underlying biases inherent in the data used to train them [10]. These
prejudices stem from various sources, including but not limited to historical discrimination, unequal
representation, and flawed algorithmic design [10]. A recent work has been conducted that started
addressing the question of whether users of ChatGPT are aware of such biases. They assessed
whether trust in ChatGPT, ChatGPT’s user perceptions, and perceived stereotyping by ChatGPT was
related to users’ self-esteem and psychological well-being [43]. Results showed that the participants
in this study did not perceive that ChatGPT fosters negative stereotypes and therefore, interacting
with the system showed a positive association regarding psychological well-being [43]. This study is
a promising start in researching human-Al interaction. Nevertheless, we argue that social psychology
should further be utilized as a mean to reveal and rectify bias in Al. Doing so may help to build fairer
and more transparent Al applications capable of delivering equitable treatment for all individuals
involved.

1.6.3. Decision Making

A familiar research focus to how people interact with Al and LLM is so-called algorithm
awareness. Research has shown that different aspects are crucial to consider when trying to explain
under which circumstances algorithms are disliked or accepted [44]. Important factors are for
example the perceived agency of the algorithm or how independent the algorithms perform [45].

A study by Utz et al. [44] explored in an experiment how people make decisions supported with
algorithms in scenarios that varied regarding their degree of morality. The study revealed that
participants reported the highest levels of algorithm aversion in the scenario with the highest moral-
load. However, not only the moral-load of the scenario influenced the preference to include the
algorithm in the decision making process, but also individual characteristics such as conventionalism
and need for leadership [44]. The study provides fruitful evidence also for the interaction of
individuals with LLM. As LLMs give answers to almost every question a human-being can imagine,
it is important to gain more knowledge regarding the question which individuals are more likely to
believe the answers that LLM provides without questioning it. The research presented by Utz et al.
[44] represents a significant advancement in the field, yet it is imperative to extend these findings.

1.6.4. Self-Disclosure

Self-disclosure is another relevant aspect to consider in the field of human-Al interaction and it
is of enormous practical importance. First, self-disclosure can be defined as the process in which an
individual reveals personal information to other individuals [46]. Self-disclosure in face-to-face
interactions is usually performed in a verbal way [47]. Nevertheless, past research has already
focused on self-disclosure in non-face-to-face interactions, particularly self-disclosure via messengers
or on social media [48] or the use of computer processing [49]. In their meta-analysis, Weisband and
Kiesler [49] showed that the use of computer processing can enhance the level of self-disclosure. This
finding was subsequently reinforced by three studies conducted by Joinson [50], which also sought
to elucidate the mechanisms underlying the phenomenon of self-disclosure being enhanced when
interacting with a computer. He found that visual anonymity led to more self-disclosure when (1)
private self-awareness is strengthened and (2) public self-awareness is reduced. Therefore,
communication via a computer is characerized by anonymity and the reduction of communication
channels [50]. These findings are also in line with the hyperpersonal model [51]. Another systematic
review by Nguyen et al. [52] compared online (via social media) and offline self-disclosure and
explored contradictory result. While some studies reported greater self-disclosure in online contexts,
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others reported more self-disclosure in offline contexts [52]. The authors argue that this discrepancy
might be due to the different operationalization of self-disclosure in “actual versus self-report of
disclosure” [52] (p 104). Another study by Bazarova and Choi [48] compared self-disclosure in private
and direct messaging versus public status updates on social media. They found that the main
motivation to perform status updates was social validation or self-expression / relief. In addition to
that, the level of intimacy was higher in private and direct messaging than in the status updates that
can reach a broader audience. These findings can be attributed to the functional theory of self-
disclosure [53] that states that an individual can strive for five aspects when performing self-
disclosure which are “relationship development and maintenance, self-expression, self-clarification
or identify development, social validation, and social control” [54] (p 5).

However, two salient concerns emerge when transferring this theory to human-AlI interaction.
Firstly, it is necessary to ascertain whether all five aspects of the functional theory of self-disclosure
can be observed in human-Al interaction. Secondly, it is important to determine which factors of an
Al system lead to high or low levels of self-disclosure. These factors, however, could be used both in
ways that benefit people, or that harm people, for example when exploited in social engineering for
phishing and fraud. A beneficial application area for human-Al interaction in which high levels of
self-disclosure are desirable could be the interaction with a therapeutic application. Interacting with
a digital therapist that uses NLP can especially be beneficial as a supplement to therapy sessions with
a human therapist or when there are long waiting times to begin therapy or between sessions.
Although some digital therapists have shown initial effectiveness [55], empirical evidence regarding
their long-term effects on individuals is missing [56]. Furthermore, when speaking with a therapist,
whether in person or through digital means, the individual is in a highly vulnerable state. Therefore,
the design of the AI should take this into consideration [56]. Therefore, to date, due to its
‘hallucinations” and uncontrollable utterances, generative Al does not seem applicable, but the usage
should be limited to rule-based systems, as employed in “Woebot’ [57], for example. Furthermore, it
is important to consider whether relationship development and maintenance should occur with a
digital ‘therapist’. Regardless of the answer, research should investigate how either outcome can be
achieved to avoid unwanted outcomes or side effects. Besides, there is much to suggest that offers
such as the Al companion ‘Replika’ [58] are used by laypersons as an unofficial substitute for therapy
or at least for comparable purposes [59].

2. Discussion

In this paper, we explored the question of whether social psychology, a discipline traditionally
focused on human interactions, can provide valuable insights into the emerging field of Al especially
regarding the developments in NLP. Specifically, we examined whether the interactions between
humans and Al systems meet the criteria established by early social psychologists, such as Allport
[11], who defined social psychology as the scientific study of individual behavior in response to
others' behavior or in relation to social objects. To address this issue, we first considered two relevant
research questions. Firstly, we asked whether there is an "imagined or actual presence of other
persons" during interactions between humans and Al systems (RQ1). Secondly, we investigated
whether Al systems can be perceived as social actors (RQ2).

To answer these questions, we drew upon relevant theoretical frameworks such as the Media
Equation Theory and the CASA framework which propose that humans tend to treat technology and
media as if they were social entities, leading to behavioral patterns similar to those observed in
human-human communication [23,24]. However, we further argued that relying on these theories
and related studies, there is sufficient ground to consider social psychology as both applicable and
relevant for communicative processes involving Al systems, given that people ascribe human-like
qualities and perceive a kind of ‘social presence’. Human-Al interaction should be seen as a broad
new field which we highlighted by applying human-Al interaction to first theories and research areas
of social psychology. Nevertheless, before starting to further discuss the given theories and research
areas, we would like to state that our exploration is not extensive. The aspects considered in this work
should rather be understood as examples among many possible avenues for future research. This
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includes promising approaches from neighboring research fields as well, for instance the analyses of
Garfinkel’s studies on Eliza and LYRIC by Eisenmann et al. [60].

At first, our study extends social learning theory to the realm of human-Al interaction,
demonstrating that individuals can learn and internalize communication styles and behaviors from
Al systems. One significant finding in this context is that an Al often provides more satisfactory
responses when the used prompt is polite. In particular, when interacting with an Al, it can be
advantageous to utilize words such as ‘thank you’ or ‘please’ or to offer a gratuity when the response
is highly satisfactory. Even utterances like ‘Take a deep breath’ yield to better results [61].

Al serving as a therapeutic agent can positively influence users' interpersonal interactions by
modeling respectful and empathetic behavior [62]. One promising aspect of using Al as a therapist is
its ability to model positive social behaviors such as respect and empathy [63]. Unlike human
therapists, Al systems can be available around the clock and can be tailored to meet the unique needs
of each user. However, the right balance of support and challenge has to be determined to ensure Al
supports building new strategies and habits instead of impairing autonomy. Moreover, Al lacks the
capacity for personal judgment, which allows it to provide support without passing judgment on the
user's experiences or decisions. Despite these differences, users are still able to communicate with Al
in a similar way they would with a human therapist. The consistent availability and customizable
nature of Al make it a valuable tool for promoting healthy communication patterns, even if the
system itself does not possess true understanding or emotional experience. By applying social
learning theory to the domain of human-Al interaction, we provide novel insights into the role of Al
as a social actor influencing users' behavior. Additionally, our focus on the unique features of Al
conversational agents, namely their ability to individualize responses and accommodate diverse user
needs, adds depth to existing discourse surrounding the impact of Al on society. Nevertheless, the
importance of considering both the benefits and drawbacks associated with increased integration of
Al into everyday life should be highlighted.

The intersection of social cognitive theory [37] and human-Al interaction offers unique
opportunities to explore the role of biases in shaping user behavior and decision-making. Previous
literature has established the existence of various cognitive biases in human-human interaction (e.g.,
[41]). Another type of bias relevant to human-Al interaction is the automation bias, defined as over-
reliance on automated decision making tools [39]. Such an over-reliance becomes more inherent for
individuals in daily life with the rise of Al systems and NLP. Automation bias can have significant
consequences in domains where accuracy and reliability are critical, such as healthcare or
transportation. Understanding and mitigating automation bias will require careful consideration of
both technical factors, such as the design of Al algorithms, and human factors, including individual
attitudes towards automation and trust in Al systems. Our study encourages further work to
examining whether similar biases emerge in human-Al interaction and investigating the potential
psychological mechanisms underpinning these phenomena. On the one hand, we argued that
humans may exhibit biases in their interactions with Al systems, suggesting that the same cognitive
processes at play in human-human interaction may also apply to human-Al interaction. On the other
hand, Al may also perpetuate and exacerbate biases through the reflection of underlying prejudices
present in training data [64]. Consequently, efforts to reduce biases in human-Al interaction must
take into account both human cognitive processes and Al algorithmic design, particularly in relation
to ethical considerations regarding marginalized communities. Future research should aim to
develop interdisciplinary approaches to understanding the complex interplay between human biases
and Al algorithms, taking into account the unique characteristics of each domain such as (social)
psychology, computer science, and ethics.

Building upon existing research on algorithm awareness and its determinants [44], we argue
that further research is needed into the ways users perceive and engage with LLMs, specifically
focusing on the factors influencing acceptance versus rejection of LLM outputs. Additionally, given
the increasing prevalence of LLMs in everyday life, research must continue to examine the long-term
consequences of repeated exposure to LLM outputs. This entails studying the formation of trust over
time and assessing the extent to which users become increasingly dependent on LLMs for decision
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support. Finally, addressing issues surrounding transparency and explainability remains paramount,
especially since LLMs operate as ‘black boxes” whose internal logic eludes comprehension. This
becomes even more important when considering the possibilities that so called 'social engineering'
provides. Social engineering refers to attempts to exploit human psychology and manipulate
individuals through AI agents or systems [65]. Al algorithms are used to create sophisticated
conversational bots, deepfakes, or other automated tactics that are aimed at tricking people into
disclose sensitive information. These attacks can manifest in various forms such as phishing emails,
chatbot scams, or voice impersonation. As Al technology continues to evolve, the capabilities of social
engineers are also expanding, making it imperative to develop effective countermeasures to address
these evolving threats. Therefore, raising awareness about Al-powered social engineering, educating
users on how to identify and resist manipulative techniques, and integrating secure design principles
into Al system development are all essential components of maintaining digital trust and safety. Thus
again, fostering collaborations among experts from diverse backgrounds, including computer
scientists, psychologists, and philosophers, becomes essential for advancing responsible LLM use
and minimizing negative impacts on society.

The last exemplary application we have presented in this paper refers to self-disclosure in
human-Al interaction. As stated, several research has already focused on the question whether
computer-mediated communication or online versus offline settings change the level of self-
disclosure that humans provide [52]. Applying this to human-Al interaction raises the question which
design aspects of an Al are crucial for enhancing or reducing the human level of self-disclosure. As
stated above, high levels of self-disclosure are preferred when Al is used for therapeutic sessions or
when getting first medical advise. However, in other contexts, high levels of self-disclosure may be
problematic, particularly when there is a lack of transparency regarding the processing and storage
of user data and the potential for further use of this data. Past research has already demonstrated that
people do not exhibit high levels of self-disclosure simply when being aware that they are interacting
with an AI [27]. On the one hand, this finding indicates that people are not uncritically utilizing Al
and exhibit at least some degree of skepticism regarding the potential consequences of providing
information to an Al system. On the other hand, we posit that this skepticism may diminish over
time. Subpopulations, namely adolescents, seem to show very little concerns regarding privacy issues
when employing chatbots [66]. The current state of affair finds us at the outset of a prolonged and
multifaceted human-Al interaction. For many, the technology is still relatively novel [67].
Consequently, further research is required to ascertain the most effective means of preventing the
disclosure of highly sensitive information in circumstances where such disclosure might be
detrimental. One potential avenue for investigation is the efficacy of providing a warning message at
the outset of a conversation or during the course of a conversation when the algorithm identifies a
potential for the disclosure of sensitive information. In conclusion, we have presented a number of
examples of applications that are both fruitful and necessary to consider when conducting research
into human-AlI interaction. However, it is important to note that these examples should not be seen
as a comprehensive list of possibilities for research into social psychology and Al

2.1. Implication and Challenges

Based on our reasoning, several practical implications can be derived and associated challenges
should be considered. A widely discussed and fundamental implication is the labeling of whether an
Al system is employed, especially in a social or conversational role (as already adapted in the AI Act,
although controversial in its implementation [68,69]).

Al has emerged as a promising tool in mental health services, offering accessible support
through chatbots. Several studies have already addressed the therapeutic setting (e.g., [59]).
Nevertheless, the concrete utilization remains unclear. It needs more research to understand how an
ongoing interaction with a therapeutic AI may help therapy progress and how such an interaction
may also influence the interaction of a patient with his or her face-to face therapist [70]. However,
given the sensitivity of therapeutic contexts, upholding ethical standards of these Als becomes
paramount. Key considerations include privacy, informed consent, transparency, accountability, and
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non-maleficence [71,72]. Unfortunately, recent instances reveal how commercial entities have
exploited Al chatbots for profit, masquerading them as therapeutic interventions while
surreptitiously promoting products such as prescription drugs [73]. This exploitation highlights two
critical issues. Firstly, it underscores the urgent need for stringent regulations governing Al
applications in mental health care. Secondly, this situation illustrates the importance of fostering
collaboration between various stakeholders - including technology companies, healthcare providers,
and government agencies - to establish best practices and monitor compliance. For instance, Scorici
et al. [74] depict the negative effects of ‘human-washing’ of Al to create wrong impressions in
potential users.

Another practical implication of incorporating Al into various aspects of society is its application
in the workplace. As Al becomes increasingly integrated into daily operations, it is essential to
consider how this technology affects collaboration among individuals and teams. Specifically, Al
systems can significantly alter the ways in which people interact and share information within
organizations. In this regard, three key areas are important to consider: first, how Al can facilitate
team coordination; second, how Al can enhance knowledge sharing; and third, how Al can promote
diversity and inclusion in group settings. One illustrative example is the use of an Al system to
monitor intergroup processes and serve as an early-warning system that signals when ongoing
processes or interactions are heading in an unbeneficial direction. However, realizing these benefits
necessitates careful consideration of the ethical implications associated with deploying Al
technologies. Organizations must ensure that Al systems align with core values and principles,
prioritize transparency and explainability, and protect user privacy and security.

The last practical implication that is discussed in this work refers to addressing social isolation,
especially prevalent among older adults [75]. Loneliness has been identified as a growing public
health concern, contributing to physical and mental decline in later life stages [76]. Here, Al can play
a bridging role, connecting isolated individuals with support networks and resources tailored to their
needs. However, implementing such solutions raises ethical questions regarding autonomy, privacy,
and surveillance. Current research indicates that Al-driven interventions may only be effective if
users remain unaware they are interacting with a machine [27]. Nonetheless, societal norms
surrounding Al could evolve over time, leading to increased acceptance and reliance on artificial
companionship. Consequently, further study is required to explore the long-term effects of Al
integration in combatting loneliness while balancing ethical concerns.

2.2. Future Directions

In light of the discussion above, several implications for future research directions can be
derived. Initially, it was observed that numerous researchers have commenced addressing the
question of how Al can be integrated into (social) psychology research. For example, Salah et al. [6]
provide a comprehensive summary as to how Al systems such as ChatGPT can be utilized for
research in social psychology. Moreover, they also emphasize the fact that following such an
approach, it should be in line with existing social psychology theories. However, the ideas regarding
how to integrate new methodological approaches that Al provides into the field of social psychology
so far have diverged from the approach advocated in this work. While others have concentrated on
the design of Al for enhanced interaction with individuals or the utilization of Al for research
purposes [6], our focus is on the examination of the interaction between humans and Al In this
context, it is necessary to consider whether the definitions of social psychology require revision,
particularly with regard to the question of what research particularly examines when focusing on
‘social’” interaction in the domain of social psychology. In considering the future research directions
regarding the integration of Al into social psychology, it is worth exploring the potential for social
psychological theories and approaches to enhance our understanding of Al Since Al systems rely
heavily on human-generated data, using social psychology to analyze their behavior and decision-
making processes seems like a logical step. Through this analysis, we might uncover hidden biases
or limitations within AI algorithms and shed new light on the intricate relationship between human
cognition and machine learning. Moreover, revisiting and expanding the definition of social
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psychology to include interactions with Al will keep our theoretical frameworks up-to-date and
applicable in today's technology-driven society. In this vein, besides the strong necessity of
interdisciplinary work, the collaboration of various psychological disciplines seems promising and
fruitful as well (e.g., developmental and cognitive psychology with Theory of Mind [77] and
personality psychology with ‘traits” of Al and humans respectively, e.g., [78]). In addition, there seem
to be differences in how people react to Al due to personal dispositions [79], which should be further
explored in order to shape interfaces and to be able to make individualized recommendations.
Dealing with Al presents social psychology with the challenge of defining and delimiting its terms
more precisely and reviewing its paradigms against this background. Overall, pursuing this line of
research holds great promise for advancing both social psychology and Al development [10].

3. Conclusion

The fundamental philosophical question of defining humanness has taken on renewed urgency
in light of recent advances in AL. As Al becomes increasingly adept at mimicking human thought and
behavior, determining the boundary between real people and highly advanced simulations poses a
pressing challenge. Social psychology can contribute significantly to this much-needed
interdisciplinary dialogue by offering valuable insights into the unique aspects of human behavior
and experience. Specifically, social psychologists can investigate the ways in which Al differs from
human cognition and social interaction, highlighting areas where simulation falls short of genuine
human engagement. Additionally, social psychology can illuminate the ethical implications of
creating increasingly lifelike Al entities, helping to guide responsible innovation in this rapidly
evolving field. Thus, harnessing the power of social psychology can facilitate a richer understanding
of the boundaries between humans and machines while fostering informed discussions about the role
of Al in modern society.
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