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1. Introduction

The rapid and widespread adoption of artificial 
intelligence (AI) across nearly all economic 
sectors is transforming how organizations operate, 
innovate, and compete. In industrial contexts, 
AI applications have expanded from traditional 
automation and data analytics to advanced 
capabilities such as predictive maintenance, 
intelligent decision support, and adaptive process 
optimization (Zhang, Wang & Gao, 2025). 
This surge in AI-driven solutions reflects a 
broader technological shift that is reshaping the 
foundations of modern industry (Metakides & 
Filip, 2025).

This evolution aligns with the vision of Industry 
5.0, which emphasizes advanced intelligent 
systems alongside human-centricity, resilience, 
and sustainability. Unlike the previous paradigms 
focused primarily on automation and efficiency, 
Industry 5.0 reintroduces the human element 
into industrial processes, positioning humans 
and intelligent systems as complementary 
actors (Yan et al., 2025). However, most current 
applications still treat AI mainly as a tool 
supporting human operators, rather than as an 
active participant in collaboration.

In parallel, the increasing hyperconnectivity 
of socio-technical systems has positioned 
collaborative networks as a key pillar of digital 
transformation (Camarinha-Matos et al., 2019). 
The modern industrial ecosystems are no 
longer composed of isolated organizations but 
of dynamic, interconnected networks enabling 
a flexible collaboration across enterprises and 
stakeholders.

More recently, a shift from tool-based AI 
toward AI as a teammate is emerging. Under 
this perspective, AI systems will increasingly 
participate in collaborative activities alongside 
humans, giving rise to hybrid collaborative 
networks where humans and AI agents jointly 
contribute to decision-making, coordination, 
and execution.

The convergence of human–AI collaboration 
and collaborative network paradigms is therefore 
becoming increasingly important (Camarinha-
Matos, 2026). While these areas have largely 
evolved separately, their integration offers new 
opportunities to enhance flexibility, scalability, 
and performance in industrial ecosystems. 
However, the practical implementations remain 
limited in comparison with expectations, and in 
some cases they have fallen short (Challapally et 
al., 2025). Thus, understanding how AI teammates 
can be effectively designed and embedded in 
collaborative networks is a key challenge for next-
generation industrial systems.

This paper addresses this emerging intersection 
by summarizing the current trends in human–AI 
collaborative networks in industry. It highlights the 
key research directions and presents representative 
cases illustrating the transition from human- and 
organization-centered networks to hybrid systems 
in which AI agents act as active collaborators. 
Through this synthesis, the paper contributes to 
a conceptual foundation for advancing the hybrid 
collaborative networks in industrial contexts.

The remainder of this paper is structured as 
follows. Section 2 highlights the converging 
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developments related to Artificial Intelligence and 
Collaborative Networks. Section 3 summarizes 
the current trends in human-AI collaborative 
networks in industry, while Section 4 provides a 
set of illustrative cases. Finally, Section 5 presents 
the conclusion of this paper.

2. Converging Developments

In recent years, a noticeable evolution can be 
observed in both Artificial Intelligence (AI) and 
Collaborative Networks (CNs), with increasing 
signs of convergence between the two areas. 
Although these fields originated from distinct 
research traditions and communities, their 
trajectories are progressively converging, 
particularly in the context of intelligent and 
distributed socio-technical systems.

AI, as one of the oldest research areas in computer 
science, has evolved over more than seven 
decades, with foundational work in symbolic 
reasoning, search, planning, and knowledge 
representation. After periods of slower progress, 
this field experienced a major resurgence driven 
by advances in machine learning, especially 
deep learning, as well as breakthroughs in 
natural language processing. More recently, the 
emergence of generative AI and agentic AI has 
further accelerated this evolution. The notion of 
collaborative agentic AI, in which multiple AI 
agents coordinate and interact with humans and 
other systems, becoming AI teammates, brings 
AI developments closer to the core concerns of 
Collaborative Networks.

In parallel, the evolution of CNs, a more recent 
field with a history of three to four decades, can 
be observed through a number of generations 

(Camarinha-Matos, 2026). Early developments 
(CNs 1.0) focused on single goal-oriented 
networks, such as extended enterprises, virtual 
enterprises and virtual organizations, aimed 
at achieving specific collaborative goals. The 
second generation (CNs 2.0) introduced long-
term strategic networks acting as breeding 
environments for the rapid formation of dynamic 
virtual organizations; collaborative business 
ecosystems represent a key example for this 
stage. The third generation (CNs 3.0) addressed 
more complex scenarios involving the interplay 
of multiple networks, increasingly blurred 
organizational boundaries, and concepts such 
as co-creation and distributed value generation. 
With CNs 4.0, the scope expanded to include 
hybrid cyber-physical networks, where intelligent 
machines and systems participate as autonomous 
actors, shifting the systems development paradigm 
from control-oriented to collaboration-oriented 
perspectives. Finally, the emerging CNs 5.0 stage 
emphasizes hybrid human–AI collaboration, 
where artificial agents and humans jointly 
participate in networked problem solving and 
value creation processes.

As illustrated in Figure 1, these parallel evolutions 
reveal a clear convergence trajectory. The 
increasing autonomy, intelligence, and social 
capabilities of AI systems align naturally with 
the principles of collaborative networks, leading 
to a conceptual meeting point centred on AI 
teammates and hybrid human–AI collaborative 
networks. This convergence signals a transition 
toward more integrated, adaptive, and distributed 
systems, where collaboration is no longer limited 
to human or organizational actors but it extends to 
intelligent artificial entities as active participants.

Collaborative 
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Collaborative 
Networks 2.0

Collaborative 
Networks 3.0

Collaborative 
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Figure 1. Convergence of AI and Collaborative Networks developments
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In this context, two main notions have emerged:

	- Hybrid human-AI collaborative network: a 
socio-technical system in which humans and 
AI agents work together to achieve shared 
goals, leveraging their complementary 
capabilities. In such networks, humans 
typically contribute with creativity, 
judgement, and domain expertise, while AI 
agents excel in large-scale data processing, 
pattern recognition, and optimization.

	- AI teammate: an AI system (agent) designed 
to collaborate with humans and possibly 
other AI systems as an active partner 
(collaborator), rather than as a passive tool.

In industrial contexts, such teammates may take 
the form of software agents or embodied agents 
such as collaborative robots (cobots) or intelligent 
machines (Seeber et al., 2020). They are typically 
characterized by being collaborative, context-
aware, adaptive and able to learn, proactive (they 
take initiative), and often having social capabilities 
so as to facilitate human-AI teamwork.

3. Recent Trends

Despite the recent hype surrounding AI, often 
accompanied by exaggerated expectations, 
the industrial landscape is still predominantly 
characterized by using AI as a tool, particularly 
through a growing number of machine learning 
applications. The genuine instances of AI 
functioning as a teammate in industrial contexts 
remain at an early stage of development.

In fact, this observation is also reflected in the 
research literature. A search in the SCOPUS 
database using the query “industry” AND (“AI 
teammate” OR “human–AI collaboration” OR 
“collaborative robot” OR “hybrid network”) 
over the last five years indicates that most related 
publications focus on collaborative robotics. 
These works predominantly address lower-level 
concerns, such as ensuring the safe coexistence 
of humans and robots within shared workspaces 
and are largely centered on dyadic interactions 
involving a single human and a single robot. In 
contrast, the studies addressing human–AI teams 
represent only a small fraction of the literature 
(less than 10%). Nevertheless, some relevant 
trends can be identified as follows.

3.1 Collaborative Robots (Cobots)

Cobots are an extensively studied topic in the 
literature; however, despite the use of the term 
“collaborative,” the focus has largely remained 
on low-level control aspects, while the more 
advanced collaborative capabilities are still mostly 
at the prototype or conceptual stage, as reflected 
in the following recurrent issues:

•	 Classification. Various cobot classes 
or forms of human–robot interaction are 
commonly identified in the literature (Othman 
& Yang, 2023; Patil, Vasu & Srinadh, 2023; 
Zafar, Langås, Sanfilippo, 2024), including: (i) 
coexistence, where humans and robots perform 
different tasks in separate workspaces without 
physical barriers; (ii) sequential or synchronized 
collaboration, where they share the same 
workspace but act at different times, requiring 
coordination; (iii) cooperation, where both 
operate simultaneously, possibly in overlapping 
spaces, without interfering, contributing to a 
shared goal; (iv) (responsible) collaboration, 
where they work together in the same 
workspace and timespan towards a common 
task (e.g. joint assembly); and (v) human–
robot teaming, involving multiple humans and 
robots (and possibly other AI agents) pursuing 
a common goal. These forms are in contrast 
with traditional industrial robotics (fenced/
caged systems), where humans and robots are 
physically separated. Most of them correspond 
to dyadic interactions (one human–one robot). 
In practice, the last form (human–robot teaming) 
would represent a true collaborative network, 
but remains largely immature, being mainly an 
aspiration. Some possible exceptions include 
robotic football and other cases in non-industrial 
applications.

•	 Safety. Safety remains a fundamental 
requirement, as humans and robots share a 
workspace without physical barriers. However, 
most efforts address a safe coexistence rather than 
a higher-level collaboration. A substantial amount 
of research focuses on motion planning, collision 
avoidance, detection, and mitigation (Gualtieri et 
al., 2024; Li et al., 2024), supported by sensing 
technologies, simulation, and standards such as 
ISO/TS 15066 (Asif et al., 2026).

•	 Task / role allocation, balancing, and 
scheduling. Task allocation consists in assigning 
tasks and decision authority based on capabilities 
and context, while roles define the interaction 
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patterns (e.g. supervisor, peer) (Othman & Yang, 
2023; (Yuan et al., 2025). Contributions include 
conceptual models and scheduling approaches 
(Casalino et al., 2021), skill alignment 
(Asif et al., 2026), assembly line balancing 
(Nourmohammadi, Fathi & Ng, 2022) and 
operator wellbeing (Calzavara, 2024). However, 
links to collaborative network methods remain 
limited, suggesting opportunities for applying 
multi-criteria partner selection approaches in 
more complex hybrid teams.

•	 Teaching / learning collaborative behaviors. 
Various works have explored how robots 
learn collaborative behaviors from human 
demonstrations, especially in assembly tasks 
(Zhang, Wang & Gao, 2021). Multimodal 
technologies, such as computer vision, natural 
language, and virtual/augmented reality, 
support these processes (Pérez et al., 2020). 
The more advanced approaches aim to predict 
human intentions (e.g. object handovers), a key 
capability still largely at the prototype stage 
(Wang et al., 2022). Other works also address 
broader teamwork design challenges, including 
interaction, roles, ergonomics, and flexibility 
(Kaasinen et al., 2022).

•	 Programming & interaction. Various 
approaches explore the use of augmented 
reality and mixed reality technologies for cobot 
programming (Yang, Xiao & Zhang, 2024; 
Costa, Petry & Moreira, 2022; Gallala et al., 
2022). More recently, research has focused on 
leveraging large language models (LLMs) so as 
to enable more advanced forms of human–robot 
interaction (Wang, Fan & Zheng, 2024; Wu et al., 
2026). These approaches are often complemented 
by multimodal capabilities, such as computer 
vision, for instance, for hand gesture recognition, 
and voice interaction, to create more intuitive and 
flexible programming interfaces (Mukherjee et 
al., 2022).

•	 Ergonomics and layout design. Ergonomic 
aspects, including the physical, cognitive, and 
social, are increasingly being considered in 
workspace design (Gualtieri et al., 2024; Chu, Pan 
& Chen, 2025). Approaches include workload-
aware task allocation, layout optimization, 
human-centered design guidelines (Merlo et al., 
2023) and minimization of mental stress (Proia et 
al., 2022). Virtual and augmented reality support 
simulation and participatory design.

•	 Digital twins / technology integration. 
Enabling technologies such as digital twins, 

mixed reality, and blockchain supports 
collaborative robotics deployment (Pérez et 
al., 2020). AI-enhanced, no-code platforms 
are also emerging (Shah, Doss & Lakshmaiya, 
2025). Nevertheless, high-level collaborative 
capabilities (e.g. coordination, shared decision-
making) remain limited.

•	 Deployment and productivity analysis. 
Various studies are increasingly addressing 
productivity and deployment decisions 
(Hashemi-Petroodi et al., 2020), including 
holistic evaluation models integrating economic 
and ecological aspects (Dornelles, Ayala & Frank, 
2023). Challenges such as standardization, ethics, 
and resistance to change are also highlighted 
(Zafar, Langås, Sanfilippo, 2024).

3.2 General AI Teammates

Although still more limited in comparison 
with the extensive body of work on cobots, an 
increasing number of studies are emerging on 
the development and application of general AI 
teammates in industrial settings. Collectively, 
these works address a range of issues that reflect 
the current trends:

•	 Towards hybrid networks. A few studies are 
beginning to explore team structures involving 
multiple humans and multiple AI teammates (e.g. 
Narayanan & Feigh, 2026, Bansal et al., 2021 
and Flathmann et al., 2023). Nevertheless, the 
majority of existing work remains focused on 
dyadic collaboration (i.e. one human interacting 
with one AI teammate).

•	 Human-AI collaboration theories. This 
topic encompasses the efforts to develop or 
adapt theoretical frameworks that support the 
understanding of interactions and behaviors 
within hybrid teams. Examples include models 
addressing shared mental model formation 
(Zhang & Chen, 2026), team situational 
awareness (Schelble et al., 2022), the input–
mediator–output framework (O’Neill et al., 
2023), and the emerging perspectives on the co-
evolution of humans and AI (Sun et al., 2024).

•	 Roles. A substantial body of work focuses 
on characterizing the roles within hybrid teams 
and examining how role composition influences 
behavior and performance (Siemon, 2022). Other 
studies try to derive principles from human-only 
teams and adapt them to hybrid team settings 
(McNeese et al., 2021; O’Neill et al. 2023).
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•	 Interaction forms. As in cobot research, 
various studies examined the interaction and 
communication modalities, along with the 
enabling technologies. A prominent stream 
focuses on the application and fine-tuning of large 
language models (LLMs) (Wu et al., 2025; Sun 
et al., 2024). Other relevant topics include agent 
transparency, AI explainability, and situation 
awareness, which are critical for an effective 
human-AI collaboration (Hauptman et al., 2024; 
Endsley, 2023; Vössing et al., 2022).

•	 Trust and ethics. Trust has long been a key 
issue in collaborative networks. In the context of 
human-AI collaboration, trust is often linked to AI 
explainability and agent performance (Hauptma 
et al., 2024; Hai et al., 2025; Endsley, 2023). 
It is also closely related to the extent to which 
ethical principles are embedded in the design of 
AI teammates (Textor et al., 2022). These aspects 
have additionally been explored in electronic 
commerce (Li et al. 2024), particularly in relation 
to the customer acceptance of chatbots.

•	 Performance. Various studies investigated 
the performance of hybrid teams and how factors 
such as role allocation, team composition, and 
situation awareness influence the outcomes 
(Bansal et al., 2021; Flathmann et al., 2023; 
Zhang & Chen, 2026).

•	 Human aspects. Another stream of research 
examines human-related factors such as 
expectations, sentiments, acceptance, and social 
perceptions of AI teammates, as well as the risks 
of work alienation and unethical behavior (Zhang 
et al., 2021; Hai et al., 2025; Harris-Watson et 
al., 2023). Other research works examine the 
effects on workforce skills, including deskilling 
and upskilling (Dornelles, Ayala & Frank, 
2023), and the broader transformations enabled 
by Industry 4.0 technologies under concepts 
such as “smart working” (Dornelles, Ayala & 
Frank, 2022).

•	 Symbiosis. Some studies (e.g. Yan et al., 
2025) explore how advanced collaboration 
models may enable a bidirectional cognitive 
evolution, in which humans and AI symbiotically 
co-evolve.

3.3 Who Designs the AI Teammates

Recent research is increasingly proposing 
design principles for AI teammates, including 
roles, constraints, and expectations, and also 

regarding the composition and management of 
hybrid teams. Many of these studies draw on 
social science perspectives or are conducted 
by social scientists (Gupta et al., 2025; Zhang, 
McNeese, Freeman, & Musick, 2021; Hauptman 
et al., 2024). While this interdisciplinary 
approach is enriching the field, it can also 
create tensions with the more traditional AI-
oriented perspectives. Furthermore, some 
contributions from the social sciences are 
constrained by their grounding in the current 
state of technology, often not fully accounting 
for the anticipated evolution of AI capabilities. 
As the understanding of AI’s capabilities and 
limitations is evolving and as technology 
advances, cross-disciplinary collaboration 
becomes essential for designing effective AI 
teammates and hybrid collaborative networks. 
The ethical considerations remain central, 
including human oversight, prevention of misuse 
(e.g. disinformation), trust and transparency, and 
the embedding of human values.

4. Examples

In line with these trends, illustrative examples 
of the evolution toward hybrid human–AI 
collaborative networks can be found in the work 
of the Collaborative Networks group at the Center 
of Technology and Systems (CTS), of NOVA 
University Lisbon. Over the past decades, the 
group has contributed extensively to Collaborative 
Networks research across multiple domains. Its 
models and frameworks are now being extended 
to incorporate AI teammates, enabling new forms 
of hybrid collaboration. Some representative 
examples are outlined below.

4.1 Industrial Collaborative  
Business Ecosystems

A Collaborative Business Ecosystem (CBE) 
is a long-term strategic network that enhances 
the preparedness of its member enterprises 
for collaboration, thereby enabling the rapid 
formation of dynamic virtual organizations in 
response to the emerging business opportunities 
(Graça & Camarinha-Matos, 2026). The key 
responsibilities of the CBE manager include 
assessing the ecosystem’s performance and 
promoting a sustainable collaboration over time 
(Figure 2).
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The overall behavior of the ecosystem is 
influenced by the characteristics of its members, 
such as their propensity to initiate collaborative 
opportunities, the readiness to engage in joint 
activities, and the openness to innovation-driven 
initiatives (membership profiles).

Furthermore, enterprises can be assumed to 
respond to evaluation mechanisms in ways 
which are similar to the ways how individuals 
respond. Their collaborative behavior can thus 
be influenced by adjusting the relative weights 
of the performance indicators. By tuning these 
weights, the CBE manager can actively guide 
and shape the evolution of the ecosystem. An AI 
agent can support the manager by enabling the 
exploration of alternative scenarios and assisting 
in decision-making.

In the current simulation platform, member 
enterprises are modeled as agents whose behavior 
is represented by using system dynamics. In future 
developments, these simulated agents may be 
replaced by enterprise digital twins, transforming 
the platform into a comprehensive collaborative 
management cockpit.

4.2 Collaborative Energy Ecosystems

The concept of a Collaborative Energy Ecosystem 
(CEE) integrates principles from Renewable 
Energy Communities, Virtual Power Plants, 
and Collaborative Networks (Adu-Kankam, 
Camarinha-Matos, 2023).

When the households within such a community 
are represented by Cognitive Digital Twins (DTs), 
conceived as AI agents endowed with a certain 
level of delegated autonomy from their human 
owners, the CEE can be seen as a hybrid human–
AI collaborative network (Figure 3).

This delegation of autonomy enables DTs to 
actively participate in dynamic consortium 
formation for energy management purposes, 
for example in coordinating the sale of surplus 
energy to the grid. At the same time, human 
participants retain control over the degree of 
autonomy granted, preserving the ability to make 
critical decisions and override automated actions 
when necessary.

Figure 2. Example related to industrial Collaborative Business Ecosystems
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Figure 3. Example in Energy Management

4.3 Collaborative Cyber-Physical 
Systems Design

Designing a complex system such as a 
Collaborative CPS can benefit from intense 
human-AI collaboration. Figure 4 illustrates 
generic steps of such a co-design framework 
(Nazarenko & Camarinha-Matos, 2024).

In Step 1 (requirements elicitation), a LLM-
based agent extracts requirements from plain-
text descriptions of user needs. Human designers 
support this process by adding annotations 
to improve the extraction accuracy and by 
reviewing the results to identify and mitigate 
potential hallucinations or inconsistencies. Step 
2 focuses on the selection of services that meet 
the identified requirements, as well as on the 
allocation of devices and sensors that enable these 
services. This process relies on service and device 
catalogues, as well as ontologies. A Discovery 
& Matching Agent assists human designers by 
ranking the candidate solutions and highlighting 
the potential conflicts. Designers validate these 
suggestions and contribute to defining the service 
logic and the associated rules.

In Step 3, high-level collaborative services 
are decomposed into more granular (capillary) 
services. Given that a CPS environment typically 

consists of a hierarchy of interconnected smart 
environments (e.g. different zones within a shop 
floor), the services and devices are allocated 
accordingly. The digital twins of devices and 
sensors then engage in a negotiation protocol to 
form coalitions capable of delivering the required 
collaborative services. 

Figure 4. Collaborative Cyber-Physical  
Systems Design

The final deployment step involves selecting 
an appropriate platform (e.g. an IoT platform) 
and generating recommendations for runtime 
deployment, representing another key 
opportunity for AI assistance. Human designers 
remain essential for addressing integration and 
interoperability challenges, implementing the 
required protocols, and refining the service logic.

4.4 Elderly Care Ecosystem

Within the elderly care ecosystem, a variety 
of formal and informal service providers can 
collaboratively deliver integrated care services 
tailored to the specific needs of each elderly 
person (Baldissera, De Faveri, Camarinha-Matos, 
2026) (Figure 5). Human–AI agent collaboration 
can support the planning phase by enabling the 
selection of appropriate services and providers, 
thereby facilitating the design of integrated care 
solutions that address the needs of the elderly 
(Example a).

Another scenario arises during daily activities, 
where AI agents and/or embodied AI (e.g. 
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assistive / companion robots) support the elderly 
by monitoring the environmental conditions, 
interacting with individuals, and coordinating 
with service providers (Example b). Finally, the 
feedback generated from daily assistance can be 
incorporated into the planning process, enabling 
the continuous adaptation and improvement of 
services as the needs of the elderly evolve.

These examples illustrate how the developments 
in collaborative networks can be realistically 
extended through the inclusion of AI teammates.

5. Conclusion

This paper has examined the convergence of AI 
and collaborative networks in industrial contexts, 
leading to the emerging paradigm of hybrid 
human–AI collaborative networks. While AI has 
largely been deployed as a tool, the shift toward 
AI as a teammate marks a fundamental transition. 
However, the  current implementations remain 

limited, with most research being still focused on 
the dyadic human–robot collaboration rather than 
fully networked multi-agent teamwork. The key 
challenges include enabling genuine collaborative 
intelligence, embedding the ethical principles 
such as transparency and human oversight, and 
developing design methodologies that integrate 
technical and social science perspectives. The 
illustrative cases presented demonstrate feasible 
pathways toward a hybrid collaboration. Achieving 
the full potential of Industry 5.0 will require 
multidisciplinary efforts to move from tool-
based AI toward AI teammates operating within 
dynamic, human-centered collaborative networks.
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