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Abstract

As artificial intelligence (AI) becomes increasingly integrated into organizational processes
to enhance efficiency, decision-making, and innovation, aligning AI systems with human
teams remains a major challenge to realizing their full potential. Although academic inter-
est is growing, the conceptual landscape of human–AI relationships remains fragmented.
This study employs a bibliometric co-word analysis of 4093 peer-reviewed documents
indexed in Scopus to map the intellectual structure of the field. Using a strategic diagram,
we assess the relevance and maturity of five major thematic clusters identified in the field.
Results highlight the structural dominance of Human–AI Interactions (Centrality: 1595),
Human–AI Collaboration (1150), and Teaming and Augmentation (1131) as foundational
themes, while Conversational AI (655), and Ethics and Responsibility (431) emerge as
specialized domains. Based on the analysis, we propose a conceptual framework that clas-
sifies human–AI relationships into four categories—symbiotic, augmented, assisted, and
substituted intelligence—according to the level of AI autonomy and human involvement.
Rather than providing prescriptive guidance for practitioners, this framework is intended
primarily as a scholarly contribution that clarifies the conceptual landscape and supports
future theoretical and empirical work. While potential implications for organizational
contexts can be inferred, these are secondary to the study’s main goal of offering a research-
based synthesis of the field. Ultimately, our work contributes to academic consolidation
by offering conceptual clarity and highlighting opportunities for future research, while
underscoring the critical need for ethical alignment and interdisciplinary dialogue to guide
future AI adoption.

Keywords: human–AI collaboration; symbiotic intelligence; augmented intelligence;
bibliometric mapping

1. Introduction
The field of artificial intelligence (AI) continues to expand globally. According to the AI

Index 2025, the volume of AI publications has doubled over the past decade [1], with cross-
disciplinary impact across multiple domains [2]. Generative AI (GAI) accounts for much of
this momentum: the release of foundation models such as ChatGPT in late 2022 catalyzed
academic interest and opened new research agendas [3]. However, despite this expansion,
a key barrier to realizing the field’s full potential is the conceptual ambiguity surrounding
the human–AI relationship [2,4]. Persistent conflation of constructs “cooperation,” “col-
laboration,” “interaction,” and “teamwork”, blurs theoretical boundaries [5] and hinders
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a shared understanding across disciplines. This heterogeneity spans approaches ranging
from Hybrid Intelligence, which emphasizes the augmentation of human capabilities, to
Human–AI Teaming, which positions AI as an active team member [6,7]. The absence of ter-
minological precision and integrative frameworks hampers cumulative knowledge, fosters
field fragmentation, and limits the translation of evidence into practice [6,8]. In this study,
‘fragmented field’ refers to a structural condition characterized by high terminological
dispersion, limited cross-cluster connectivity, the prevalence of isolated hyperspecialized
niches, and the absence of ‘motor themes’ capable of articulating cumulative knowledge [9].

Despite growing interdisciplinary interest in human–AI relationships, empirical find-
ings remain inconsistent, with studies reporting contradictory results regarding collective
cognition, coordination, trust, and performance in human–AI teams versus human-only
teams [4,10]. Recent meta-analyses show that while human–AI combinations can improve
individual performance (augmented intelligence), they rarely surpass the best individual
agent, human or artificial, especially when contextual and task variables are considered [10].
These inconsistencies are not merely technical; they reveal theoretical disagreements about
core concepts such as collaboration, agency, autonomy, and symbiosis [11,12]. Therefore,
advancing this field requires technological innovation and a systematic effort to clarify its
conceptual foundations and align its uses with ethical, organizational, and social goals.

The conceptual ambiguity surrounding human–AI relationships also has significant
practical consequences. Adoption frameworks promoted by industry players like Gart-
ner [13], Microsoft [14], and PwC [15] use similar terminology but differ significantly in
how they define the role of AI within human interaction. This disparity translates into
incompatible implementation approaches, causes confusion among decision-makers, and
complicates the alignment of AI strategies with organizational objectives [8]. As a result,
academic literature and industrial discourse continue to frame AI primarily as a functional
tool, without offering clear guidelines on when it should act as an autonomous agent or
collaborator in hybrid teams [16,17]. This lack of consensus hinders the development of
sustainable and integrated strategies for organizational transformation.

This study maps the intellectual structure of the human–AI relationships through a
bibliometric co-occurrence analysis of 4093 academic documents. The guiding question
is: How is knowledge about human–AI relationships structured, and what are the main
conceptual perspectives that can guide organizational transformation strategies? Using a
quantitative network approach, the study characterizes the field’s fragmentation, revealing
hyper-specialized themes and an absence of driving themes. The principal contribution is a
conceptual framework grounded in bibliometric evidence that links levels of AI autonomy
and the degree of human involvement to thematic trajectories, thereby providing a strategic
bridge between research and practice and enabling a more coherent and effective path
toward organizational transformation.

This article is organized into four sections. Section 2 details the methodology, including
document search, selection, and analysis. Section 3 presents the bibliometric trends and
characterizes the intellectual structure of the field using strategic diagrams. Section 4
introduces the resulting conceptual framework and identifies its key perspectives and
implications for AI adoption. The article concludes with a synthesis of findings and
recommendations for future research.

2. Materials and Methods
The co-word analysis method provides a powerful bibliometric tool for understanding

the structure of research within a specific domain [18]. By focusing on the co-occurrence
of keywords across academic publications, this technique reveals the thematic clusters
and conceptual linkages that define a field. In this study, co-word analysis is employed
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to examine the relationships between humans and artificial intelligence in academic lit-
erature. This method allows for a systematic exploration of how key concepts develop
and interrelate, making it especially useful for identifying dominant themes and emerging
trends [9]. This is achieved by constructing networks of keywords that appear together
frequently, enabling a visualization of how different ideas and technological developments
are connected within the scientific discourse.

To ensure a rigorous methodological approach, this study follows a structured work-
flow consisting of data collection, keyword selection, and network visualization. Each
step is designed to minimize biases and maximize the clarity of thematic relationships in
human–AI research.

2.1. Data Collection

Data was collected from the Scopus database, a widely recognized and trusted source
for bibliometric analysis due to its extensive coverage of high-quality, peer-reviewed litera-
ture [19]. Scopus provides a strong balance between academic rigor and reproducibility—
features that Google Scholar does not consistently ensure [20], while also offering broader
literature coverage than the Web of Science, whose scope is comparatively more limited [21].

There is no universally accepted terminology that fully captures the diverse ways in
which humans and AI interact (see, for a recent approximation [22]). Consequently, our
search strategy prioritized high-level terms to capture the field’s diversity without imposing
a priori theoretical biases. We employed the term “human–AI” broadly to encompass
various interaction forms—such as collaboration, symbiosis, or teaming—allowing these
specific dynamics to emerge organically from the data rather than pre-selecting them via
the search string. Complementarily, we incorporated ‘human-centric AI’ given its frequent
use in the literature and its ability to capture the normative and design-oriented dimensions
of the field. Regarding data accuracy, preliminary pilot searches revealed “false positives”
where terms appeared adjacent solely due to punctuation (e.g., “human. AI” or “human:
AI”) rather than a semantic relationship. Therefore, we rigorously excluded these syntactic
variants to reduce noise. The final search sentence was structured as follows:

TITLE-ABS-KEY (“human-cent* ai” OR “human-cent* artificial intelligence” OR
(“human-ai” AND NOT ({human ai} OR {human. ai} OR {human, ai} OR {hu-
man: ai} OR {human; ai} OR {humans ai} OR {humans. ai} OR {humans, ai} OR
{humans: ai} OR {humans; ai})) OR (“human-artificial intelligence” AND NOT
({human artificial} OR {human. artificial} OR {human, artificial} OR {human:
artificial} OR {human; artificial} OR {humans artificial} OR {humans. artificial} OR
{humans, artificial} OR {humans: artificial} OR {humans; artificial} OR {humans),
artificial}))).

This approach allows for a precise and unbiased selection of literature on human-
centered approaches to AI and the diverse relationships between humans and artificial
intelligence. By focusing exclusively on AI-specific terminology, the search deliberately
excluded general human–machine interaction (HMI) and broader sociotechnical literature.
This narrowing was essential to isolate the relational dynamics unique to AI, such as
agency, autonomy, and teaming, and to ensure the analysis accurately reflects the distinct
intellectual structure of the human–AI domain.

The search was conducted on 3 February 2025, yielding a dataset of 4093 documents
(see the records in the Supplementary Materials section, Excel File S1). No publication date
filters were applied, enabling the natural temporal evolution of the terminology to emerge.
The resulting dataset spans from 2011, when the first relevant records appear, through early
2025. This corpus offers a robust foundation for an in-depth analysis of the key themes,
approaches, and trends in human–AI research.
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2.2. Keyword Selection

A critical component of co-word analysis is ensuring that the selected keywords
accurately represent the thematic landscape of literature. From the collected documents,
7910 raw keywords were extracted based on author-defined terms. To refine this dataset, a
thesaurus was developed to standardize terminology and improve consistency across the
corpus. The construction of the thesaurus followed these criteria [23]:

• Singular and plural variations were unified (e.g., “chatbots” standardized to “chatbot”).
• Acronyms were consolidated with their full terms (e.g., “hci” unified with “human–

computer interaction”).
• Hyphenated terms and format variants were standardized (e.g., “cocreation” con-

verted to “co-creation”).
• Closely related or synonymous terms were merged into a single representative term

(e.g., “cooperation human/ai” into “human–AI cooperation”).
• General terms and those not contributing substantively to thematic analysis were

removed (e.g., “methodology,” “survey”).

After applying the thesaurus, 7687 unique words were obtained. To ensure the
relevance of the analysis, only those appearing at least 10 times were retained, resulting in
a final network comprising 124 nodes.

2.3. Network Visualization

To construct and analyze the co-occurrence network, we used VOSviewer (version 1.6.19),
a specialized bibliometric visualization tool [24]. In this network, nodes represent key-
words, and their size reflects their frequency in the corpus. Edges illustrate co-occurrence
relationships, with thickness indicating the number of documents in which two keywords
appear together.

The extracted keywords were filtered through the thesaurus, and a co-occurrence
matrix was generated using VOSviewer. To ensure a clear representation of thematic rela-
tionships, the LinLog normalization algorithm was applied, with attraction and repulsion
parameters set to 1 and 0, respectively. The VOS clustering algorithm then identified
clusters of related keywords, grouping them into cohesive thematic units. We used the
default parameters for cluster resolution (1.00) and minimum cluster size (1) to ensure
consistency in the network analysis (see the resulting network in Section 3.2).

2.4. Analysis

The analysis of the co-word network was multifaceted, aiming to uncover both broad
trends and developments. First, a statistical overview of the corpus was conducted based
on metadata extracted from Scopus and processed using Microsoft Excel to understand
the volume of published documents over time, the most prominent journals, the most
frequently cited documents, and the leading institutions contributing to this research
domain. This quantitative analysis established a baseline for understanding the primary
trends and impact of research on human–AI relationships.

Subsequently, a descriptive analysis was conducted to examine the internal compo-
sition of each identified cluster. To this end, the nodes of each cluster were filtered into
subnetworks and reprocessed using VOSviewer, which allowed the detection of potential
subthemes (the resulting subnetworks are not shown). This procedure provided a granular
view of the internal structure and thematic orientation of the clusters, enabling the identifi-
cation of emerging subthemes and specific research lines within the broader categories.

Finally, a strategic diagram [25] was used to analyze the dynamics of thematic clusters
based on centrality and density metrics (calculated with a custom Excel macro using the
network data exported from VOSviewer). Following the methodological approach by
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Pourhatami et al. [26], Centrality (CL) measures the strength of external interactions of a
cluster with other parts of the network and is calculated as:

CL = ∑
i∈L

∑
j∈M

wij·eij (1)

where i denotes nodes in cluster L, j represents nodes in all other clusters M, and wij is the
weight of the edge between them. eij is assigned 0 when nodes i and j are unconnected,
and 1 when an edge links them.

Density (DL) represents the internal cohesion of the cluster and is defined as the
proportion of existing links relative to the maximum possible number of links among the
N nodes within the cluster:

DL =
2E

N(N − 1)
(2)

where E is the total number of edges within cluster L. These metrics categorize themes
into four quadrants (see the strategic diagram in Section 3.3): Motor themes (Quadrant 1),
which are well-developed and influential topics with high centrality and density; Highly
developed but isolated themes (Quadrant 2), specialized areas with strong internal cohesion
but limited influence on the broader network; Emerging or declining themes (Quadrant 3),
topics that are either gaining prominence or losing relevance due to their low centrality
and density; and Basic and transversal themes (Quadrant 4), widely connected but weakly
cohesive foundational topics. Crucially, this diagram serves as a maturity indicator: the
absence of motor themes (Quadrant 1) empirically characterizes a field at an early stage,
defined by high exploration (centrality) but limited theoretical consolidation (density).
The strategic diagram provides a structured framework for understanding the thematic
landscape and its potential evolution in research on human–AI relationships, enabling us
to move beyond simple frequency counts to quantify the field’s intellectual structure and
identify, based on network topology, which themes are emerging, mature, or isolated.

3. Results
3.1. Trends of Human–AI Relationships Research

Figure 1 illustrates the exponential growth of the field, which surged from 2020 to
reach 1649 publications in 2024. This rise is primarily driven by the emergence of GAI [27]
and the digitalization accelerated by COVID-19 [17,28]. Crucially, since our search had no
temporal restrictions, this post-2020 concentration represents an empirical finding rather
than a sampling bias. It confirms that the discourse on ‘Human–AI’ relationships is distinct
from the longer-standing Human–Computer Interaction (HCI) tradition. The field has
effectively shifted from interacting with tools to collaborating with agents, a transition
fueled by deep learning and generative models.

More than half of all publications in the field of human–AI relationships are found
in conference proceedings (2237 documents), significantly outpacing articles published in
specialized journals (1424 articles). This trend suggests that academic conferences are the
primary venues for disseminating technological and methodological advancements at a
faster pace. As shown in Table 1, prominent journals in this field—such as the International
Journal of Human–Computer Interaction and Computers in Human Behavior—are also highly
influential, with the latter’s high H-index of 245 underscoring the academic impact and
growing relevance of this field.
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Figure 1. Documents by year. Source: Own elaboration based on Scopus data.

Table 1. Leading journals that publish research on human–AI relationships (1424 journal articles from
4093 documents). Source: Own elaboration based on Scopus and Scimago data.

Journal H-Index Quartile Freq.

Proceedings of the ACM on Human
Computer Interaction 62 Q1 78

International Journal of Human
Computer Interaction 90 Q1 61

AI and Society 45 Q1 31

Frontiers in Artificial Intelligence 32 Q2 26

IEEE Access 242 Q1 21

Computers in Human Behavior 251 Q1 21

International Journal of Human
Computer Studies 145 Q1 17

ACM Transactions on Interactive
Intelligent Systems 45 Q2 17

Behavior and Information Technology 95 Q1 15

ACM Transactions on Computer
Human Interaction 107 Q1 15

The impact of human–AI interaction research is reflected in the increasing citation
of key studies that have shaped the development of the field. As shown in Table 2, the
most cited articles address fundamental topics, such as AI integration in medicine [28] and
the development of GAI [27], which have exceeded 1000 citations. Furthermore, Jarrahi’s
review on human–AI symbiosis in organizational decision-making [29] highlights the
growing interest in leadership automation and AI-driven management. The research also
demonstrates a significant impact in AI explainability, with studies by Amershi et al. and
Shin et al. exploring trust and acceptance of explainable AI systems [30,31]. Additionally,
Liao et al. research on user experience design for explainable AI [32] underscores the
importance of making these systems more accessible and intuitive for human users.
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Table 2. Most cited papers. Source: own elaboration based on Scopus data.

Document Citations Reference

AI in health and medicine 1051 [28]

ChatGPT: A comprehensive review on
background, applications, key challenges, bias,
ethics, limitations and future scope

1032 [27]

Artificial intelligence and the future of work:
Human-AI symbiosis in organizational
decision making

993 [29]

Guidelines for human-AI interaction 891 [30]

The effects of explainability and causability on
perception, trust, and acceptance: Implications for
explainable AI

593 [31]

Human-Centered Artificial Intelligence: Reliable,
Safe & Trustworthy 558 [33]

Questioning the AI: Informing Design Practices for
Explainable AI User Experiences 510 [32]

What makes an AI device human-like? The role of
interaction quality, empathy and perceived
psychological anthropomorphic characteristics in
the acceptance of artificial intelligence in the
service industry

463 [34]

Reporting guidelines for clinical trial reports for
interventions involving artificial intelligence: the
CONSORT-AI extension

418 [35]

From Artificial Intelligence to Explainable
Artificial Intelligence in Industry 4.0: A Survey on
What, How, and Where

403 [36]

Table 3 shows leadership in human–AI relation research is shared between prestigious
universities and corporate innovation centers. Four major research streams have emerged
within this landscape, each characterized by strong institutional ties, thematic specialization,
and limited interconnections.

Carnegie Mellon University leads in publication volume (135 documents), establish-
ing itself as a key institution in studying human–AI relation in education and adaptive
learning. Researchers such as Kenneth Holstein and Vincent Aleven have demonstrated
that integrating unobservable variables in AI enhances educational decision-making. Their
work also shows that human–AI complementarity optimizes K-12 teaching, promoting an
approach where AI functions as a co-educator rather than merely a tool [37,38].

Microsoft Research and IBM Research constitute another major hub, with 80 and
67 documents, respectively. Their work focuses primarily on AI explainability and trust-
worthiness in organizational and production environments, positioning them within the
explainability-oriented cluster [5]. Within this group, Vera Liao is a prolific and highly cited
researcher at Microsoft Research, leading key studies on how human intuition influences
trust in AI and its impact on decision-making [39–41]. Her research has also explored the
role of conditional delegation in human–AI interaction and how individuals assess the
reliability of AI models in critical scenarios. Similarly, the influential team of Justin D.
Weisz (23 documents), Michael Muller (21 documents), and Wang D. (19 documents) from
IBM Research focuses on human–AI collaboration strategies, algorithmic transparency, and
optimizing decision-making in business environments.
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Table 3. Leading institutions in document publication. Source: Own elaboration based on Scopus data.

Affiliation Doc. QS */BCG ** Country Representative Authors

Carnegie Mellon University 135 58 * United States
Holstein, K. (20 documents)
Aleven, V. (15 documents) Cagan, J.
And Perer, A.

Microsoft Research 80 5 ** United States
Liao, Q.V (17 documents)
Nushi, B; Amershi, S.; Horvitz, and
EInkpen, K

Massachusetts Institute of Technology 78 1 * United States Maes, P. and Pataranutaporn, P.

Delft University of Technology 76 49 * United States Gadiraju, U. (15 documents)
Gupta, A.

Clemson University 68 951–100 * United States
McNeese, N.J (23 documents)
Flathmann, C. (19 documents)
Schelble, B.G (17 documents) Duan,
W.; Freeman, G. and Zhang, R.

IBM Research 67 18 ** United States

Weisz, J.D. (23 documents) Muller, M
(21 documents).; Wang, D (19
documents).; Houde, S.; Dugan, C.;
Geyer, W.; Ross, S.I. and Martinez, F.

Stanford University 63 6 * United States Bernstein, M.S. and Lee, M.H.

Georgia Institute of Technology 60 114 * United States Riedl, M.O.

University College London 52 9 * United Kingdom Denniston, A.K.

University of Washington 49 76 * United States

Tsinghua University 47 20 * China Rau, P.L.P.

Google LLC 46 4 ** United States Cai, C.J. Terry, M.; Wilcox, L.;
and Kelly, C.J.

University of Michigan 45 44 * United States Chung, J. and Adar, E.

Monash University 41 37 * Australia Gašević, D.

Pennsylvania State University 39 89 * United States Sundar, S.S.

Note: Universities (*) are ranked by the QS World University Rankings 2025, while corporate research centers
(**) are evaluated based on BCG’s Most Innovative Companies Report.

With 68 documents, Clemson University has built a strong research community dedi-
cated to studying human–AI team dynamics and trust in autonomous systems. Leading
this field, Nathan McNeese (34 documents) and Beau Schelble (17 documents) investigate
how user perception affects the effectiveness of human–AI collaboration. Their publications
emphasize human–AI interaction from a teamwork perspective, exploring collaboration dy-
namics and socio-emotional factors [42]. This focus places them within the human-oriented
cluster [5].

Finally, Delft University of Technology and Google LLC (Alphabet) contribute an
innovative perspective on human–AI interaction in digital environments. Researchers such
as Ujwal Gadiraju (15 documents) at Delft have advanced the study of AI in collaborative
work platforms, while at Google LLC, Bernstein (10 documents) explores the impact of AI
on human behavior on digital technology platforms.

3.2. Intellectual Structure of Human–AI Relationships

The literature on artificial intelligence is extensive. However, the growing use of AI to
augment human capabilities has recently intensified the need to explore more deeply the
challenges, possibilities, and implications of human–AI systems [10]. The co-occurrence
network presented in Figure 2 captures the intellectual structure of research on human–
AI relationships. Five clusters were identified: Human–AI Interactions, Teaming and
Augmentation, Human–AI Collaboration, Conversational AI, and Ethics and Responsibility.
Each cluster represents a key but emerging dimension of the relationships between humans
and intelligent systems. Each cluster was extracted and partitioned using VOSviewer.
The results allowed highlighted emerging subthemes that indicate the fragmented yet
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developing nature of research on human–AI relationships. The resulting subnetworks are
not shown. (From this point forward, clusters or themes will be labeled as C1, C2, etc.;
subclusters will be highlighted in italics, and node references will appear in single quotes.)

Figure 2. Co-occurrence network of human–AI relationships.

Table 4 presents the nodes with the highest frequency for each cluster. The bold and
underlined entries highlight the main forms of human–AI relationships identified in the
corpus. Overall, the network reflects a developing field where these relationships intersect
with technical challenges and ethical considerations, underscoring the need for a robust
theoretical framework to guide its understanding.

3.2.1. Human–AI Interactions

C.1. Human–AI Interactions underscore the importance of developing AI systems
that are understandable to their users. The concept of interaction generically captures the
various forms of relationships between humans and artificial intelligence [5]. The cluster
structure reflects two closely related subclusters: explainability and human-in-the-loop. The
first subcluster stresses the need for ‘transparency’ in ‘human–AI interaction[s]’. This
approach, known as ‘explainable ai’ (XAI) [43], provides visibility into how an AI system
makes decisions and predictions, explaining the rationale behind its actions and high-
lighting the strengths and weaknesses of the decision-making process (‘decision support
system’, ‘human–AI decision-making’) [44]. The presence of terms such as ‘interpretability’
and ‘fairness’ demonstrates an interest in making algorithmic decisions accessible, while
concepts such as ‘bias’ and ‘trust calibration’ reflect the efforts to mitigate bias and calibrate
user trust [45–47].

The second subcluster underscores the importance of human involvement (‘human-
in-the-loop’) in the decision-making processes of AI systems (i.e., ‘machine learning’,
‘deep learning’, ‘reinforcement learning’) [48]. Approaches such as ‘interactive machine
learning’ emphasize the necessity of creating interactive communication channels between
users and AI models, encouraging user participation at all stages of their development [6].
Furthermore, the cluster connects with specific fields—including ‘autonomous driving’,
‘healthcare’, and ‘radiology’—illustrating that explainability and human involvement are
crucial in applications where AI directly affects human safety and well-being [49–51]. This

https://doi.org/10.3390/technologies14020083

https://doi.org/10.3390/technologies14020083


Technologies 2026, 14, 83 10 of 26

also underscores existing tensions in the acceptance of automation, a phenomenon known
as ‘algorithm aversion’ [52].

Table 4. Top 10 nodes with the highest frequency for each cluster.

C1. Human–AI interactions C2. Teaming and Augmentation C3. Human–AI Collaboration
human–AI interaction 638 trust 169 human–AI collaboration 482

explainable ai 372 human–AI teaming 156 generative ai 205

machine learning 215 human–computer
interaction 141 large language model 188

deep learning 83 decision-making 86 ChatGPT 108

human-in-the-loop 67 augmentation 56 Education 60

decision support system 41 human–AI cooperation 32 Creativity 55

interpretability 39 human factors 30 hybrid intelligence 54

transparency 35 automation 26 human–AI co-creation 52

human–AI decision-making 35 design 25 Crowdsourcing 36

user study 35 human–robot interaction 25 creativity support tool 34
C4. Conversational AI C5. Ethics and Responsibility

chatbot 74 ai ethics 120

user experience 66 trustworthiness 59

natural language processing 59 responsible ai 46

conversational agent 43 Industry 5.0 26

personalization 25 sustainability 21

conversational ai 24 Industry 4.0 18

affective computing 21 privacy 17

language model 16 participatory design 15

multimodal 16 big data 12

mental health 16 smart manufacturing 10

3.2.2. Teaming and Augmentation

This cluster, C2, explores how teaming and augmentation are reshaping the integration
between humans and intelligent systems, particularly in areas such as decision-making and
interaction design, where these approaches are gaining traction. While thematically diverse,
all subthemes within this cluster converge around a common, cross-cutting issue: trust—a
central factor influencing the effectiveness and acceptance of human–AI systems [53].

Four main subclusters are identified within this cluster: decision-making, human–AI
teaming, augmentation, and interaction design. In the context of ‘decision-making’, ‘trust’
plays a pivotal role in shaping how humans interact with AI systems, particularly in terms
of ‘human-agent interaction’ and ‘human–AI cooperation’. Trust here is influenced by
factors such as the system’s ‘autonomy’—which can enhance performance but also raise
‘uncertainty’—and AI’s confidence in its predictions. The user’s reliance on the system is
also key, as it determines whether humans accept or challenge AI recommendations based
on their perceived risk and reliability.

The human–AI teaming subcluster (covering variants such as ‘human-agent teaming’,
‘human-autonomy teaming’, ‘teamwork’) focuses on structured relationships where hu-
mans and (partially) autonomous AI systems, whether embodied (e.g., robots) or embedded
(e.g., software), work interdependently towards shared goals [5]. This teaming approach
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accelerates decision-making by combining the rapid data processing and analytical ca-
pacities of AI with the creativity and abstract reasoning of humans [54]. Trust is both a
prerequisite for and an outcome of effective teaming, requiring careful engineering [54] and
ongoing understanding [55]. Key nodes such as ‘mental model’ and ‘situation awareness’
emphasize the need for mutual understanding and anticipation between humans and AI,
strengthening team performance [56,57].

In the augmentation subcluster, the focus shifts to enhancing human capabilities
through AI, rather than replacing them. ‘[A]ugmentation’ refers to human–AI systems that
outperform humans working alone by optimizing task execution and decision-making [10].
Traditionally seen as the opposite of ‘automation’, current research suggests these concepts
are increasingly complementary [58]. While ‘automation’ reduces human involvement
by fully delegating tasks to AI, ‘augmentation’ integrates AI as a support to human ca-
pabilities. Both approaches can coexist, driving competitive and social benefits [ibid].
Effective integration in this space often depends on the ‘socio-technical systems’ that struc-
ture AI ‘adoption’ [59], with ‘human factors’, especially trust, being crucial for successful
outcomes [60].

Finally, the interaction design subcluster centers on optimizing ‘human–computer inter-
action[s]’ through ‘design’ strategies such as ‘agency’, ‘anthropomorphism’, and ‘human-
centered design’ [33,61]. By incorporating elements like ‘visualization’ and ‘safety’ [62],
designers aim to create intuitive and trustworthy environments that enable seamless inte-
gration between humans and AI.

3.2.3. Human–AI Collaboration

C3. Human–AI Collaboration is among the most dynamic in the network, integrating
the synergy between humans and AI [6] with the transformative impact of generative tech-
nologies [63,64]. It unfolds across four interconnected subcluster, each highlighting unique
yet interwoven dimensions of this collaboration and its impact on creativity, problem-
solving, and innovation.

The first subcluster explores multiple types of collaboration, shifting from basic interac-
tions to deeper interdependences [65]. Terms such as ‘collective intelligence’, ‘human–AI
partnership’, ‘human–AI symbiosis’, and ‘hybrid intelligence’ highlight the growing per-
ception of AI as an active force that operates in synergy with humans in decision-making,
ideation, and problem-solving [16,66,67]. While the concept of interaction captured generic
relationships, this shift in language contributes to more elaborate collaboration frameworks.

The second subcluster, generative systems, captures the emergence of GAI in recent years.
Nodes like ‘generative ai’, ‘large language model’, and ‘ChatGPT’ indicate the growing
influence of AI-generated content across various domains [68]. The increasing adoption of
generative models in education and design is reflected in terms like ‘education’, ‘human–AI
co-creation’, and ‘ai literacy’ [69,70], while ‘prompt engineering’ and ‘innovation’ illustrate
AI’s role in reshaping creative methodologies [3,71].

The third subcluster, co-creativity, focuses on the creative dimension of human–AI
collaboration. Concepts such as ‘creativity’, ‘creativity support tool’, ‘co-creativity’, ‘story-
telling’, and ‘sensemaking’ emphasize AI’s role as a co-creator rather than a passive tool,
expanding human creative potential [72,73]. This subtheme has been largely developed
thanks to GAI. While GAI still has limitations in prediction tasks and decision-making, one
of its primary applications lies in novel content generation.

The fourth subtheme, AI impacts, highlights how AI-enabled collaboration is trans-
forming work, learning, and design [29,74,75]. Concepts such as ‘future of work’, ‘learning
analytics’, ‘design fiction’, and ‘co-design’ illustrate AI’s growing role in reconfiguring
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professional and creative environments, influencing how knowledge is structured, labor is
organized, and design evolves.

3.2.4. Conversational AI

C4. Conversational AI focuses on the convergence of conversational technologies
with user experience optimization, incorporating both technical and emotional aspects
of human–machine interaction. It is structured into three subthemes that reflect different
approaches and applications.

The first subcluster, personalized and empathetic AI, examines personalization and the
emotional dimension of interactions. Nodes like ‘personalization’ and ‘affective computing’
highlight efforts to tailor systems to individual user characteristics, integrating contextual
and emotional elements [76,77]. The inclusion of ‘multimodal’ suggests the expansion of
communication channels, while ‘social robot’, ‘emotion’, and ‘empathy’ reflect the trend
toward humanizing interfaces, fostering more natural and empathetic interactions [78,79].

The second subcluster focuses on user experience. With ‘chatbot’ and ‘user experience’
as dominant nodes, this area underscores efforts to develop digital agents that enable seam-
less and satisfying interactions [80]. The presence of ‘conversational agent’ reinforces the
role of these systems in simulating natural dialogues, while ‘mental health’ [81] and ‘social
media’ [82] suggest applications in well-being and social communication, demonstrating
their potential to reshape digital interactions.

The third subtheme addresses the technological foundations of conversational inter-
actions. ‘[N]atural language processing’ serves as the central element, emphasizing the
role of language algorithms in understanding and generating text [27]. Additionally, con-
versational ai’ and ‘language model’ highlight advancements toward more sophisticated
systems, while the emergence of ‘COVID-19’ suggests an acceleration in the adoption of
these tools [83]. Finally, ‘human–AI communication’ reinforces the need for clear and
effective exchanges between humans and machines [84].

3.2.5. Ethics and Responsibility

C5. Ethics and Responsibility focuses on the ethical frameworks and governance
practices required for the responsible development and deployment of AI systems. It
consists of three interconnected subthemes that highlight both theoretical and applied
dimensions of AI ethics.

The first two subclusters are AI ethics and responsible AI. Key concepts such as ‘ai ethics’,
‘trustworthiness’, and ‘responsible ai’ form the foundation of discussions on integrating
ethical considerations from the early stages of AI design [85,86]. These principles highlight
that AI should not only be technically advanced but also socially equitable and transparent.
Additional aspects such as ‘privacy’ and ‘participatory design’ reinforce the need to protect
personal data and involve diverse stakeholders in AI development, ensuring active partici-
pation to identify and mitigate potential biases or risks [87,88]. The presence of ‘big data’
further underscores the challenges of managing large-scale information responsibly, where
accuracy and accountability are crucial to prevent discriminatory outcomes [89].

The third subcluster, sustainable industry, expands the discussion to the industrial and
socioeconomic dimensions of AI ethics and responsibility. Nodes such as ‘Industry 5.0’
and ‘Industry 4.0’ reflect the transformation of production models, while ‘sustainability’
and ‘smart manufacturing’ highlight efforts to integrate sustainable development and
operational efficiency into digitalization processes [90]. This subcluster illustrates how AI
ethics extends beyond software and decision-making, directly influencing emerging indus-
trial paradigms that seek to balance innovation, efficiency, and social and environmental
responsibility [90].
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3.3. Strategic Diagram

Figure 3 shows for each cluster its level of internal development and its relative impor-
tance within the network, according to centrality (Equation (1)) and density (Equation (2))
metrics, respectively. The number of nodes and connections for each cluster and the metrics
used to construct the strategic diagram are shown in Table 5. The diagram axes were
calculated based on the arithmetic average of centralities and densities (992.40, 0.4368).

Figure 3. Strategic diagram of the co-occurrence network, showing themes mapped by centrality and
density across four quadrants (I–IV).

Table 5. Network metrics used in the development of the strategic diagram.

Cluster Nodes Edges Centrality Density

C1. Human–AI Interactions 34 170 1595 0.30303

C2. Teaming and Augmentation 33 185 1131 0.35038

C3. Human–AI Collaboration 31 155 1150 0.33333

C4. Conversational AI 16 77 655 0.64167

C5. Ethics and Responsibility 10 25 431 0.55556

The strategic diagram highlights the absence of clusters in Quadrant 1. This con-
firms that the field is at an early stage: researchers are simultaneously exploring multiple
high-centrality approaches (Quadrant 4) that have not yet matured into cohesive and
consolidated thematic cores (Motor Themes). This can be attributed to the relatively recent
systematic exploration of human–AI relationships (see, for example, [22]). Given the nov-
elty of the field, the community is investigating multiple approaches and methodologies
that often overlap and evolve in parallel. As a result, no single theme has yet achieved both
high centrality and density. In this context, the development of taxonomies and conceptual
frameworks becomes essential for structure and advancing the field.

The absence of clusters in quadrant 3—typically associated with underdeveloped and
low-centrality themes—can be explained by two factors. First, although no time restriction
was applied to the search, the corpus is overwhelmingly concentrated in the past five years,
which makes the presence of declining topics unlikely. Second, because cluster positioning
in the strategic diagram is relative to the other clusters, those with comparatively low
centrality do not fall into quadrant 3. Instead, their position shifts toward other quadrants,
often closer to quadrant 1, when evaluated against clusters with stronger centrality.
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In quadrant 2, the clusters C4. Conversational AI and C5. Ethics and Responsibility
are found, characterized by high density and low centrality. This indicates that they are
specialized themes with limited influence on the other clusters in the network. However,
the reasons for their position in this quadrant differ. C4. Conversational AI is an applied
topic focused on the design and implementation of conversational chatbots and associated
user experience criteria. On the other hand, C5. Ethics and Responsibility adopts a broader
theoretical perspective, addressing the implications of AI use and its various forms of
interaction with humans.

Finally, in quadrant 4, three clusters are found: C1. Human–AI Interactions, C2.
Teaming and Augmentation, and C3. Human–AI Collaboration. These clusters exhibit
high centrality but relatively low internal cohesion. C1. Human–AI Interactions has the
highest centrality within the network and the lowest density, due to containing the nodes
with the highest link strength in the network (‘human–AI interaction’ and ‘explainable
ai’), which establish multiple and intense edges with other clusters. Meanwhile, the C2.
Teaming and Augmentation, and C3. Human–AI Collaboration clusters are positioned
closer to the diagram’s origin, suggesting that they may increase their internal cohesion in
the coming years and evolve into motor themes within quadrant 1. Together, these three
clusters address fundamental and transversal aspects for the entire network, including key
concepts such as ‘human–AI interaction’, ‘human–AI collaboration’, ‘explainable ai’, ‘trust’,
and ‘generative ai’.

4. Discussion
The strategic diagram (Figure 3) confirms the fragmentation of the literature on the

human–AI relationship. On the one hand, hyperspecialization predominates: Clusters 2 and
4 (ethics and responsibility, conversational AI) comprise mature themes that function as si-
los, limiting interdisciplinary integration. On the other hand, the absence of driving themes
indicates a lack of shared conceptual frameworks, a persistent limitation in the field [6].
In parallel, the clusters that structure the human–AI relationship (C1, C2, C3) behave as
bandwagon themes: broadly cited, cross-cutting notions with low internal density and insuf-
ficient development [5]. Taken together, this fragmentation reduces coherence and hinders
the emergence of a unified, operational understanding of the human–AI relationship.

To address this gap, the following section introduces an integrative framework de-
signed to offer a coherent and operational account of human–AI interaction. This frame-
work is grounded in empirical patterns of co-occurrence and thematic centrality observed
within the bibliometric structure of bandwagon-type clusters [9,26]. Its purpose is to con-
tribute to the delimitation of key concepts, methodological tools, and widely cited terms
which, while currently serving as general references, hold the potential to evolve into stan-
dalone research lines and become foundational pillars of the emerging knowledge domain.

4.1. Conceptualizing Human–AI Relationships

The evolution of conceptual frameworks in the human–AI domain reveals a the-
oretical transition from instrumental task delegation models toward co-creation archi-
tectures. While Licklider’s foundational vision (cited by [29]) idealized symbiosis, its
subsequent operationalization—dominated by Parasuraman et al.’s delegation approaches
(cited by [33]), the ‘human-in-the-Loop’ paradigm [48], and Shneiderman’s HCAI [33]—
prioritized hierarchical supervision and risk mitigation. With the sophistication of algo-
rithmic capabilities, this perspective yielded to interdependent ‘teaming’ architectures
and models of hybrid and collective intelligence [6,7,91], introducing dynamics of dis-
tributed cognitive collaboration. This trajectory converges in the most recent literature,
which integrates synergistic symbiosis [22], structural co-creation [92,93], and Generative
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AI adoption [94]. Each of these approaches captures distinct modes of interaction that vary
in AI autonomy, the distribution of agency and control, and the purpose of collaboration,
collectively reflecting the increasing conceptual complexity of the field.

To systematize this fragmented landscape, we propose a two-dimensional conceptual
model that classifies the highest-occurrence and highest-link-strength nodes observed in
clusters C1, C2, and C3. The model is organized along two axes: AI autonomy (initiative)
and human involvement (distribution of agency and control), the two poles of sociotech-
nical interaction as operationalized by Zhang et al. [11]. The autonomy axis emerges
inductively from the concentration and co-occurrence patterns of nodes associated with
passive, reactive, collaborative, and autonomous agency frameworks identified in these
clusters [42,91]. The human involvement axis formalizes the locus of authority and the
mechanisms of control, ranging from supervision and approval to shared control and
adjustable autonomy [6,16], likewise evidenced across these clusters.

The intersection of these axes yields a typology of four intelligence archetypes: symbi-
otic intelligence, augmented intelligence, assisted intelligence, and substituted intelligence
(see Figure 4).

Figure 4. Conceptual Framework. Source: Own elaboration.

Each quadrant represents a distinctive pattern of sociotechnical interaction, ranging
from configurations in which AI operates as a tool under human supervision (assisted
intelligence), to collaborative scenarios where humans and AI systems co-evolve through
shared agency (symbiotic intelligence). While the archetypes are conceptually grounded
in thematically differentiated clusters, their convergence within the same quadrant of the
strategic diagram (see Figure 3) suggests that they are not mutually exclusive. Rather, they
may be interdependent and capable of coexisting within a single organization, depend-
ing on the type of process, operational context, or strategic objective. This perspective
stands in contrast to maturity-based or progressive models such as those proposed by
Gartner [13] and Microsoft [14] which tend to depict AI evolution as a sequence of discrete
stages or fixed levels of integration [11,95]. Although these frameworks provide valuable
guidance for strategic planning, they often oversimplify the relational complexity inherent
in human–AI interaction. Similarly, frameworks that classify collaboration solely by task
type or predefined roles fail to capture the bidirectional, adaptive, and evolving nature of
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these relationships, which unfold dynamically over time and require flexible coordination
mechanisms [4,96].

In contrast, our typology integrates these partial perspectives by positioning them
within a coherent relational structure. For example, isolated concepts such as “co-
creation” [91], “collaborative intelligence” [17], or “levels of integration” [6] are logically
located within our framework, enabling a more unified conceptual vocabulary and analyti-
cal consistency for future research in human–AI relationships.

We now present the four intelligence archetypes, which synthesize the main configu-
rations of human–AI relationships according to the axes of autonomy and involvement.

4.1.1. Symbiotic Intelligence

Symbiotic intelligence refers to a deeply collaborative approach in which humans
and AI engage in mutual learning, co-evolution, and the amplification of each other’s
capabilities. This mode is empirically supported by cluster C3. Human–AI Collaboration,
which—despite its internal fragmentation into subthemes such as collaboration types,
generative systems, and co-creativity—occupies a central position in the strategic map
(centrality: 1150) (Figure 3). Its prominence underscores the pivotal role of collaborative
dynamics in shaping the emerging intellectual structure of the field.

The high-frequency thematic nodes associated with Cluster C3 (see Table 4) character-
ize this archetype by its high AI autonomy and shared human involvement. Defined by
cooperative AI agency and distributed control, this configuration is particularly suitable
for dynamic, high-complexity environments that require innovation, adaptability, and joint
creative effort [11,92]. From a managerial perspective, symbiotic intelligence offers high
strategic value through mutual learning; however, the primary trade-off involves gover-
nance complexity. Organizations must implement sophisticated mechanisms to coordinate
distributed agency and ensure transparency, mitigating the risk of over-reliance on AI in
contexts where ethical oversight remains non-delegable.

Three distinct modes of collaboration shape this intelligence archetype. First is syn-
ergistic symbiosis, where human and algorithmic agents develop interdependent cogni-
tive processes that lead to innovation and enhanced organizational performance [8,29].
This dynamic relationship facilitates role flexibility, co-adaptation, and shared decision-
making [6,96]. Second is hybrid intelligence, which integrates human competencies, such
as emotional understanding, intuition, and contextual reasoning, with AI’s data-driven
analytic capabilities [7]. Implemented through hybrid intelligence systems, this model
fosters continuous feedback loops and adaptive decision-making in uncertain environ-
ments [97]. Third, co-creation redefines creativity as a shared process: humans contribute
expert knowledge and intent, while AI generates multiple design alternatives, adapts to
feedback, and accelerates creative processes [91,98].

Within this archetype, AI is integrated into the workflow so that tasks are carried out
jointly, with humans and machines assuming clearly defined yet complementary roles.
Control is shared, and decisions emerge through a collaborative process. This configuration
aligns with business process collaboration and co-creation models proposed by Frenette
and Liu, which highlight teamwork as a core principle [91,92]. It also resonates with
the human integration perspective advanced by Puerta-Beldarrain and colleagues, who
describe deeper forms of human incorporation into AI systems [6].

These collaboration modes form a hybrid cognitive infrastructure that emphasizes
co-learning, reciprocal performance enhancement, and emergent intelligence. Symbiotic
intelligence, therefore, is not merely an evolutionary step in AI adoption but a shift toward
a human-centric paradigm consistent with Industry 5.0 priorities [99].
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4.1.2. Augmented Intelligence

Augmented intelligence enhances human capabilities through AI support in decision-
making and problem-solving, particularly in complex and ambiguous environments. This
archetype aligns with cluster C2. Teaming and Augmentation and includes key terms such
as ‘human–AI teaming’ (156), ‘human–computer interaction’ (141), ‘human–AI cooperation’
(32), and ‘trust’ (169), the latter being crucial for enabling effective collaboration (Table 4).

Augmented intelligence refers to human–AI collaboration aimed at enhancing
decision-making in complex environments. This archetype, aligned with Cluster C2,
emphasizes synergy grounded in trust, cooperation, and flexible task allocation. The high-
frequency nodes in this cluster reinforce a model where proactive AI agency is coupled
with conditional human control [5,11], positioning this form of interaction as optimal for
contexts where uncertainty is moderate and both computational efficiency and human in-
sight are required. The literature agrees that, unlike automation, augmentation strengthens
human capabilities such as judgment, intuition, and ethical reasoning [2,17] by integrat-
ing AI’s computational efficiency. Consequently, the human role is redefined, preserving
agency in ambiguous contexts where algorithmic input complements, but does not replace
human decision-making.

Anchored in the augmentation subcluster, this archetype fuses human strengths—
intuition, contextual awareness, and judgment—with AI’s computational power [96,100].
Augmented intelligence supports humans by enhancing analytical in-sight, reducing cog-
nitive strain, and improving decision accuracy [67,101]. This concept allows for various
human–AI interaction patterns: AI can propose options while humans decide, or both
agents can jointly participate in decision-making processes. These dynamics mirror the
development of shared mental models (SMMs) where roles, goals, and responsibilities are
collaboratively constructed and adapted over time [11,42].

Despite its potential, empirical evidence suggests mixed outcomes. A review of
106 studies found that hybrid teams often underperform compared to the best-performing
individual agent (g = −0.23) [10]. Challenges include the lack of explainable AI mod-
els [48,96], organizational inertia [94] and algorithmic bias that may reinforce systemic
in-equalities [8]. To be effective, augmented intelligence requires ethically grounded frame-
works that ensure human agency, foster trust, and promote equitable outcomes [86,95].

From a managerial standpoint, augmented intelligence significantly expands cognitive
capacity and operational throughput. The critical trade-off lies between efficiency and
accountability: if human oversight becomes passive due to automation bias, the benefits
of augmentation are undermined, creating liability gaps. Therefore, adoption requires
protocols that enforce active human verification of AI outputs.

4.1.3. Assisted Intelligence

Assisted intelligence refers to AI systems that operate as decision-support tools under
continuous human supervision. This archetype is associated with Cluster C1. Human–AI
Interactions, one of the central dimensions in the field’s structure (Figure 3), encompasses
subthemes such as human-in-the-loop, explainable AI, and interpretability. At this level,
AI functions as a cognitive assistant, complementing human capabilities without taking
control of the process (semi-active AI agency) [11]. Final decisions and actions remain
under human responsibility, ensuring complete control over the interaction.

This model aligns with the philosophy of Human-Centered Artificial Intelligence [33]
and the Human-in-the-Loop principle [48], both of which emphasize the importance of
meaningful human oversight and the preservation of autonomy in technological systems.
Subthemes such as explainability and interpretability are essential to ensure that assisted
interaction fosters trust and under-standing [30,32]. Overall, assisted intelligence repre-
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sents an early form of Human–AI synergy grounded in supervision, transparency, and
human accountability.

Three core features define this archetype. First, human judgment remains the ultimate
authority: AI complements but does not replace decision-making. For instance, in health-
care, professionals use AI-generated recommendations as supportive input yet re-main
fully accountable for their actions, their professional judgment is augmented rather than
replaced [96]. Second, transparency and explainability are essential: AI systems must
produce interpretable outputs that align with user expectations and foster trust [45,46,48].
Third, task automation enables AI to process and analyze large volumes of data efficiently
while preserving meaningful human oversight throughout the process [102].

While assisted intelligence offers tangible benefits such as interactive data exploration,
greater task efficiency, and reduced cognitive load, it also presents notable risks. Excessive
reliance on AI can weaken human critical thinking, and limited interpretability may hinder
professional adoption [7,103]. Mitigating these risks requires a strategy that integrates
human control and system transparency. This includes involving domain experts early
in the design process through methods like Interactive Machine Learning and Machine
Teaching and creating transparent interfaces that improve user understanding [48,95].
In parallel, organizations must foster double literacy that combines awareness of human
cognition and knowledge of AI mechanisms [17,69]. Robust training programs help develop
this capacity, preparing professionals to act as interpreters who assess AI outcomes through
ethical and human-centered perspectives.

From a managerial perspective, assisted intelligence enables incremental process
improvements without demanding major changes in governance or oversight structures.
However, its limited capacity for adaptation and innovation may constrain its strategic
value in more dynamic environments. The key managerial trade-off is between maintain-
ing human control and accepting the slower pace of transformation this model entails.

4.1.4. Substituted Intelligence

Substituted intelligence refers to scenarios of full automation, where AI systems oper-
ate autonomously and make decisions with minimal or no human intervention. According
to Zhang et al. [11], this archetype is defined by a reactive form of AI agency, in which
systems operate based on predefined inputs and rules, exhibiting limited capacity for
contextual interpretation

In practice, substituted intelligence entails complete process automation, as seen in
algorithmic management and recommendation systems [104]; full delegation of responsi-
bility, where final decisions rest exclusively with AI [2,8]; and task optimization through
machine learning and predictive modeling [105]. Its effectiveness depends on the speci-
ficity of the decision space, the interpretability and replicability of outcomes, the speed of
decision-making, and the capacity to evaluate multiple options without human constraints.

In the business environment, the adoption of substituted intelligence redefines organi-
zational intelligence by transferring both the generation of intelligent actions (syntropy)
and the reduction in errors (entropy), functions traditionally performed by humans, to
autonomous algorithmic systems [106]. Its primary benefit manifests in low-uncertainty
scenarios, where its capacity to operate with minimal intervention translates into competi-
tive advantages [17,67]. Advancements in machine learning and deep learning underpin
this optimization power. These technologies drive the efficiency of autonomous systems
that have transformed sectors like e-commerce.

However, the implementation of substituted intelligence entails significant risks in
high-uncertainty contexts. Its limited adaptability and operational opacity, a challenge
directly related to explainability, can undermine trust in the systems [40]. Furthermore, the
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complete delegation of decision-making poses profound ethical, governance, and oversight
challenges, as responsibility shifts from humans to algorithms [8,107] (p. 163). These risks
are so significant that they are driving an academic and business debate on the need to
establish control mechanisms, such as “guardrails” and algorithmic audits, as well as favor
models of coexistence instead of a total replacement of human intervention [108,109].

It is essential to note that, although substituted intelligence reflects a logic of re-
placement, academic discourse is increasingly shifting toward models of coexistence and
complementarity between humans and artificial Intelligence [109], emphasizing approaches
in which AI supports rather than replaces human agency [7,8]. This transition raises key
questions about the balance between autonomy and human involvement—issues that are
central to the subsequent intelligence concepts proposed within this framework.

4.2. Limitations

This study revealed how human–AI relationships are currently structured and con-
firmed that the field remains emergent but fragmented. Despite these conditions, the
analysis conducted allowed us to establish the conceptual framework presented. Nonethe-
less, several limitations should be acknowledged. First, the bibliometric methodology
employed—based on co-occurrence analysis—captures the structural topology of the lit-
erature (i.e., thematic cohesion and influence) but cannot fully account for the specific
theoretical debates, interpretative nuances, or contextual details. Second, the exclusive
reliance on the Scopus database, while ensuring quality and consistency, may have re-
stricted coverage of relevant works indexed in other repositories, as well as influential
contributions disseminated through conference proceedings, industry reports, or preprints.
Third, the focus on frequency and co-occurrence tends to privilege well-established or
frequently cited terms, potentially underrepresenting emerging concepts that have not yet
achieved critical mass in the literature. Finally, because co-word analysis does not benefit
from manual filtering, the search query was designed to capture as much relevant literature
as possible while minimizing irrelevant results. Nevertheless, this approach may have
excluded significant studies on human–AI relationships that do not employ the selected
keywords explicitly.

These limitations highlight the importance of complementary research approaches.
Qualitative methods such as discourse analysis, case studies, or expert interviews could
uncover interpretive and organizational dimensions of human–AI relationships that biblio-
metric techniques alone cannot reveal. Likewise, longitudinal and mixed-method designs
would provide a deeper understanding of how conceptualizations evolve over time and
across different domains of application.

4.3. Future Research Directions

Building on these findings, future research should adopt complementary approaches
to address the limitations of bibliometric analysis and deepen understanding of human–AI
relationships. Qualitative methods such as discourse analysis, case studies, and expert
interviews could reveal interpretive and organizational dimensions that quantitative tech-
niques alone cannot capture. Longitudinal and mixed-method designs would also help
trace how conceptualizations evolve over time and across different domains of application,
particularly as GAI and other frontier technologies reshape the field. Beyond method-
ological expansion, future studies should examine how different archetypes of human–AI
relationships—symbiotic, augmented, assisted, and substituted—affect organizational dy-
namics in specific sectors such as healthcare, education, technology or creative industries.
Developing robust metrics to evaluate the effectiveness, challenges, and ethical implica-
tions of hybrid human–AI teams will be essential for translating conceptual advances
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into actionable strategies. Moreover, as symbiotic intelligence gains prominence, research
should further explore how reciprocal collaboration models between humans and AI can
optimize decision-making, foster innovation, and support sustainable knowledge gen-
eration. Finally, given the strong emphasis on ethics and responsibility observed in the
intellectual structure of the field, future agendas must integrate critical perspectives on
transparency, accountability, and trust to ensure that human–AI systems evolve in socially
beneficial ways.

5. Conclusions
This study has mapped the intellectual structure of research on human–AI relation-

ships, identifying five key thematic areas: C1. Human–AI Interactions, C2. Teaming &
Augmentation, C3. Human–AI Collaboration, C4. Conversational AI, and C5. Ethics &
Responsibility. While these categories reflect dominant perspectives in the literature and
emerging concerns regarding AI integration in organizational contexts, the findings indi-
cate that the field remains fragmented, lacking a central core that defines its development.
This suggests that research on human–AI relationships is still in a phase of expansion
and diversification, with multiple potential trajectories for future evolution. However, the
sustained growth of publications and the progressive convergence of C1, C2, and C3 signal
a likely consolidation of the field around these conceptual axes.

The analysis of the strategic diagram reveals a scattered thematic distribution that
poses critical barriers to the field’s advancement. Beyond merely confirming structural frag-
mentation, this configuration actively restricts interdisciplinary integration, as dominant
themes—specifically ethics and responsibility (C5) and conversational AI (C4)—operate
as isolated silos. Furthermore, the central themes representing the human–AI relationship
(C1, C2, and C3) lack the internal cohesion and sufficient conceptual depth to guide the
domain’s development. This dispersion, combined with the absence of motor themes,
prevents the construction of consensus on terms and concepts shared by both researchers
and practitioners.

Against this backdrop, our analysis advances a conceptual framework that synthe-
sizes the dispersed constructs found in the structurally dominant clusters. From these
patterns, we derived four archetypes of intelligence—Symbiotic, Augmented, Assisted,
and Substituted—which offer an integrative lens for understanding the strategic configu-
rations through which humans and AI interact. Unlike operational taxonomies focused
on task types or maturity levels, this framework articulates the relational and organi-
zational dimensions of human–AI interdependence, thereby addressing longstanding
conceptual ambiguities.

The proposed archetypes extend current theoretical efforts in several ways. First, they
address the coordination failures identified by Vaccaro et al. [10] by prescribing balanced
governance configurations that reduce synergy losses in hybrid systems. Second, while
Zhang et al. [11] emphasize distributed agency at an operational level, our archetypes
elevate these mechanisms to a strategic plane, clarifying how authority, control, and
autonomy should be allocated across organizational contexts. Third, by linking Liu’s
interaction-oriented design modes [92] with Frenette’s task-division perspective [91], the
framework offers a coherent account of how interaction patterns map onto organizational
structures. Finally, by incorporating the mutual-learning dimension highlighted by Mao
et al. [94], our model reinforces an Industry 5.0 perspective in which technological evolution
leads not to replacement but to the strategic management of cognitive interdependence.

These theoretical contributions also entail practical implications. Effective adoption
of the four archetypes requires going beyond basic digital literacy toward cultivating
human capabilities such as intuition, judgment, and domain expertise, ensuring that AI
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augments rather than diminishes human agency. Equally critical is the establishment of
algorithmic auditing and governance mechanisms that safeguard fairness, accountability,
and transparency, allowing organizations to navigate the trade-offs between efficiency and
responsible use of AI systems.

Importantly, the four archetypes should not be understood as mutually exclusive or
sequential. Organizations will deploy all four simultaneously, in different proportions and
with varying emphases depending on their processes, strategic priorities, and maturity.
For example, automating routine processes through substituted intelligence can free valu-
able time and cognitive resources, enabling employees to amplify creative and analytical
capacities through augmented or symbiotic intelligence. Conversely, assisted intelligence
frameworks may remain essential in high-stakes domains where explainability and human
oversight are indispensable.

In sum, by clarifying the structural fragmentation of the field and by offering a unifying
model grounded in bibliometric evidence, this study contributes to the consolidation of
human–AI research. The four intelligence archetypes provide a coherent vocabulary and
an organizationally relevant perspective that can guide future theoretical development
and empirical inquiry, supporting the transition from conceptual dispersion to a more
cumulative and strategically oriented understanding of human–AI relationships.

Finally, future research should empirically validate the four archetypes across diverse
industrial sectors through longitudinal and comparative designs. Such studies are es-
sential for understanding how organizations configure and recalibrate combinations of
symbiotic, augmented, assisted, and substituted intelligence over time, rather than transi-
tioning through them as linear stages. Because our framework conceptualizes human–AI
relationships as coexisting strategic configurations whose proportions shift in response
to task complexity, governance mechanisms, and organizational capabilities, empirical
work should examine how these mixtures evolve, stabilize, or generate tensions in real
operational environments.
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