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Abstract. The increasing integration of artificial intelligence (AI) in manufac-
turing is reshaping human roles on the shop floor. While Al has the poten-
tial to enhance human capabilities, questions arise about its impact on work-
ers. Ensuring human-centricity remains crucial, but there is a need to investigate
how these principles translate to human-Al collaboration. This paper presents a
structured literature review of 25 papers, examining human-centric goals, chal-
lenges and enablers in human-Al collaboration. The results show that the most
emphasized goals include trust, transparency, augmentation, explainability, safety,
and well-being. Prominent challenges include job displacement, conflicting pri-
orities, and algorithmic bias. Identified enablers include co-design approaches,
explainable interfaces, and dynamic task allocation. The findings highlight that
human-centric aspects are interconnected, requiring a holistic approach. Although
human-centricity is widely advocated, it is often framed at the system interface
level, rather than in organizational or design processes. Future research should
deepen the understanding of cognitive and psychosocial dimensions of human-Al
collaboration and develop more empirical and longitudinal insights.

Keywords: Human-centricity - Human-Al collaboration - Manufacturing -
Industry 5.0 - Human Factors

1 Introduction

The rapid growth in artificial intelligence (Al) is reshaping manufacturing industry by
enabling a new form of adaptive decision support and flexible automation [1]. Al is a
multidisciplinary field focused on creating systems and algorithms, capable of perform-
ing tasks and actions that typically require human intelligence [2]. In many visions of
industry 4.0 and industry 5.0, human-AlI collaboration is seen as the path forward to
resilient, sustainable and flexible systems [3]. As use of Al systems increases on the
shop floor, critical questions arise on how Al can support human needs, as humans are
still the most flexible resource on shop floor. Human-centricity therefore emerges as a
central aspect in this context.
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Human-centric approaches emphasize that technological systems should be designed
around human values, capabilities and limitations [4]. Beyond ergonomics and safety,
such approaches also promote inclusivity, empowerment and opportunities for self-
development and growth [5]. Furthermore, centering the human in technology and work
system design promotes acceptance of technology, which is particularly crucial as human
resistance and mistrust towards new technologies have been identified as one of the main
barriers in digital transformation [6]. Human-centred AI (HCAI) extends these principles
by focusing on Al systems that augment human intelligence with machine intelligence
[7, 8]. This paradigm emphasizes human well-being and alignment with human values,
ethics, and needs [9].

Many human-centric themes in Al build on earlier human-automation literature.
One study, [10], introduced a taxonomy of automation levels and functions, and iden-
tified human performance consequences in terms of mental workload, complacency
and skill degradation that result from function allocation. Another study, [11], defined
situation awareness and showed how automation can erode operators’ ability to per-
ceive, comprehend, project system states, and assume an active role in the system. A
2020 review of human-autonomy teaming [12] further shows how the themes of agent
transparency, reliability, task characteristics, automation level, team composition and
training have been investigated in the past decades on the way they shape collabora-
tion outcomes. However, it is unclear how human-centric principles will translate into
the new domain of human-AlI collaboration in manufacturing, especially since Al is
a dynamic and increasingly autonomous, but yet opaque, partner. Different concepts
have been floated, such as “human-in-the-loop” [13] and “hybrid intelligence” [14], that
cover human-Al collaboration, but such concepts primarily emphasize productivity and
performance gains.

The theme of HCAI in manufacturing has recently attracted several reviews. Prior
reviews have examined psychosocial and cognitive human factors in Industry 4.0/5.0
contexts [15], conceptual clarifications [16], and technological enablers across the prod-
uct lifecycle [17]. However, these reviews rarely explicitly structure findings around the
interplay between human-centric goals, challenges, and enablers that allow industry to
form actionable strategies for change. Therefore, the aim of this review is to examine
recent literature on human-AlI collaboration in manufacturing to identify contemporary
human-centric goals, the challenges that hinder them, and the enablers that support
them. Based on this aim, the research question formulated for the study is: What human-
centric goals, challenges, and enablers should be considered in the context of human-Al
collaboration in manufacturing?

2 Method

This study employs a structured literature review to examine human-Al collaboration in
manufacturing. The search was conducted in Scopus, one of the largest multidisciplinary
commercial databases, using search terms related to 1) human-centricity, 2) human-Al
collaboration, and 3) manufacturing. The following search string was used:
TITLE-ABS-KEY ((“human-centric” OR “human-centered” OR “human-centred”)
AND (“human-Al collaboration” OR “human-Al teaming” OR “human-Al symbiosis”
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OR “human-AlI cooperation”) AND (manufacturing OR “assembly” OR “shop floor” OR
“production” OR “industry 5.0”)) AND PUBYEAR >2020 AND PUBYEAR <2027
AND (LIMIT-TO (LANGUAGE,"English”)) AND (LIMIT-TO (DOCTYPE,"ar”) OR
LIMIT-TO (DOCTYPE,"cp”’) OR LIMIT-TO (DOCTYPE,"re”))

As the Al field moves forward in a breathtaking speed, we delimited our study to
a narrow time window, 2021-2026. The selected timeframe reflects the emergence of
the Industry 5.0 paradigm and its increased focus on human-centricity [18], while also
capturing recent Al developments. This allowed us to focus on current Al applications
rather than exploring the development of the field.

ion of studies via and registers

[ Identification ] [ Screening [ Included ]

Reports assessed for
Records identified from: Records screened Reports sought for retrieval eligibility
Scopus (n = 46) [ (h=46) [ (hn=37) "] (n=36)

Records removed before

screening. Records excluded Reports not retrieved
Duplicate records removed (n=9) (n=1) Reports excluded:
(n=0) Not manufacturing (n=2)
No human-centric focus
(n=6)

No Al focus (n=1)

Other (n=2)

—{ Studies included in review
(n=25)

Fig. 1. Structured literature review process

The query retrieved 46 records. Following title and abstract screening based on
predefined inclusion criteria, 37 papers were selected for full-text review. The following
inclusion criteria were used: 1) addressing human involvement, behaviour or activities,
2) analyze human interaction with Al systems, and 3) in a manufacturing context. Studies
focusing solely on technological development were excluded. After full text screening,
25 papers were included in this review. The screening process is shown in Fig. 1

The corpus was analyzed through thematic analysis. Each paper was independently
coded by two authors, and disagreements were discussed until consensus was reached.
Record were coded for Al type, domain application, Al task, human role, as well as
human-centric goals, challenges, and enablers. These high-level categories were pre-
determined to align with the research question, and used as an analytical lens rather
than a mutually exclusive taxonomy. Goals refer to desired human-centric outcomes
of human—AI collaboration, challenges represent barriers or risks that may hinder the
achievement of these outcomes, and enablers denote mechanisms, system features, or
organizational practices that support the goals or mitigate challenges. While some con-
cepts appear across categories, they are interpreted differently depending on their role
within the system.

2.1 Application Context

Types of Tasks. The corpus spans several manufacturing application domains, reflect-
ing AT’s broad potential to support diverse functions and tasks across the industry. The
most common application domain is quality control and inspection. In this sector, Al is
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deployed to enhance inspection, defect detection and quality prediction processes [19—
22]. Within quality control settings, Al-based operator training is also explored [23].
Another commonly recurring application is assembly [24, 25], where AI applications
are often presented in combination with collaborative robotics systems, covering sce-
narios ranging from human-robot collaborative task scheduling and cobot systems that
dynamically provide operators with the correct tools during manual assembly.

Maintenance applications are also described, particularly the predictive maintenance
domains [26, 27]. Al systems are used to anticipate equipment failures before they occur
and estimate residual useful life to reduce unplanned downtimes.

Al systems are also used in production management contexts, as decision support
for resource allocation and production optimization [28, 29].

From the corpus, more specialized manufacturing contexts also emerge. For instance,
Large Language Models (LLMs) are used in warehousing [17, 30]. Furthermore, [26]
explores generative design algorithms used to optimize products for disassembly and
recycling, and [31] investigates the use of Al-driven approaches for hazard identification
in Industry 5.0.

Types of AL. Deep learning models are the most used Al types across the papers. They
are applied to perception tasks such as visual inspection and defect detection [20-22],
as well as predictive tasks [27]. As these models have a black-box nature, they are
often paired with explainability and interpretability methods to enhance transparency
and trust [20-22, 29, 32, 33]. LLMs are also a recurring technology in the corpus, as
their capabilities can be leveraged to enable natural language interactions [30], and are
thus ideal for tasks such as report generation, natural language explanation of inspection
data [19] and to serve as digital assistants. Some papers employ or mention hybrid
approaches that combine data-driven learning with symbolic reasoning, such as Neuro-
Symbolic Learning [33]. In fields such as assembly, where robotics applications have
long been implemented, applications of embodied Al are reported [24], where Al is
integrated into physical entities such as robots, giving them the ability to interact and
perceive the physical surroundings. Reinforcement learning algorithms are also applied
to planning and scheduling problems [26].

3 Results

The results are structured around three categories: Goals, Challenges, and Enablers. A
brief overview of the categories and the most frequent human-centric aspects are given
in Table 1. The reported frequencies refer to how many of the included papers mention
each aspect.

3.1 Goals

Goals are crucial for motivating industrial guidelines when designing human-centred sys-
tems. Several studies mentioned augmentation of human capabilities rather than human
replacement as an objective in Al implementation [17, 19, 26, 32, 36]. Similarly, stud-
ies reported the need for complementarity between human and Al capabilities [29]. By
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Table 1. Most frequent goals, challenges, and enablers identified in the review

Main aspects References Freq.
Goals

Trust [17,21, 24,27, 32, 34] 6
Transparency [17, 21, 24, 27, 34, 35] 6
Augmentation [17, 19, 26, 32, 36] 5
Human-AlI capability complementarity [26, 29, 37, 38] 4
Explainability [17, 20, 34, 35] 4
Safety [26, 31, 32, 36] 4
Wellbeing [17, 26, 31, 36] 4
Challenges

Job displacement [17, 31, 36, 39] 4
Conflicting priorities [17, 31, 32, 36] 4
Algorithmic bias [17, 26, 28] 3
Skill gaps and lack of training [23, 36, 40] 3
Enablers

Human oversight [19, 25, 26, 30, 32, 35] 6
Co-design and stakeholder inclusion [31-33,41, 42] 5
Explainable interfaces [19-21, 24, 25] 5
Dynamic task allocation [25, 28, 37] 3

combining the flexibility of human intelligence with the scalable processing power of
Al researchers argued for the development of more flexible systems [37]. On one hand,
human contextual knowledge, intuition and feedback can be incorporated to enhance
the system performance in terms of efficiency, accuracy, and adaptability, as stated by
[26]. On the other hand, [41] argued that human empowerment arises from providing
humans with access to up-to-date tacit knowledge, while Al systems leverage this same
knowledge base to generate new, trustworthy insights in support of human decision-
making. One study also suggested that technical systems may improve accessibility to
a previously underqualified workforce [41].

Collaboration was also presented as a goal to leverage both human and non-human
capabilities to improve operational performance [38]. Studies reported the need for
considering the interaction between humans and Al [17, 28, 33], effective integration
of actors [28], and communication [38] as elements in human-AlI collaboration. Safety
is also linked to this, as effective human-Al interaction was described as necessary for
ensuring safe operation [31].

Skills were also identified as a factor in human-AlI collaboration by [38]. Another
study [23], evaluated motivation and engagement for developing longevity and success
of skill acquisition, to be able to react in cases of Al failures.
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Multiple studies emphasized well-being as a priority in human-Al collaboration [17,
26, 31, 36]. This includes safety, health and satisfaction, according to [36]. Safety was
also reported as a factor by [26, 31, 32]. User needs and interaction between agents
are to be considered to identify potential risks or impacts [33]. Safety entails consid-
ering both physical and psychological risks, as described by [32]. Beyond safety, the
alignment with human values, needs, preferences and limitations was also mentioned
by [17], where the AI understands human behavior, values and emotions. One study
[24] considered minimizing the cognitive load, while another [25] mentioned increasing
acceptance by minimizing frustrations through responsive systems. Operator satisfaction
can serve as an evaluation metric for human-AlI collaborative frameworks [35]. Addi-
tional approaches promoted work-life balance through remote work and on-demand
learning [41]. Notably, [34] found that stakeholders have different priorities regarding
human-AlI collaboration, where employers value the potential productivity gains, while
employees highlight seamless cognitive collaboration and improved working conditions.
The consideration of human cognitive capabilities was also mentioned by [17].

Ethical considerations were reported in the context of human-Al collaboration sys-
tems [17, 32, 35]. According to [17], ethical considerations include privacy protection
and fairness, while [35] proposed that transparency, explainability, and fairness should
be addressed for reducing ethical concerns. One study [32] proposed an ethical frame-
work for creating trust, including the following principles: human agency, transparency,
privacy, fairness, safety, accountability, and user involvement.

Trust and transparency emerged as requirements in several studies [17, 21, 24, 27].
In addition, explainability [17, 20], reliability [17], interpretability [17], and under-
standability [17]. According to [34], explainability, transparency, and reliability are
trust-building factors. One study, [24], further highlighted trust building across multiple
stakeholder groups, including operators, developers, and certifiers.

3.2 Challenges

Although Challenges Encountered and Documented in the Reviewed Papers May Serve
as Excellent Drivers for Change, it Appears that Prevalent Challenges Mentioned Are
Primarily towards the Threat Side of the Spectrum and Should Therefore Be Seen as
Such. Job Displacement Was Identified as a Concern by [17, 31, 36, 39]. Employees in
Developed Countries Were Found to Be Broadly Familiar with Al [39], Attributed to the
Prevalence of Cognitive Work, but a Lack of Complementarity Between Human Skills
and Al Capabilities Could Lead to Job Displacements. Developing Countries Are less
Subject to AI-Driven Displacement Due to a Higher Proportion of Physical Jobs, which
Hinders AI Adoption [39]. Digital Inequality Amplification Was Also Reported by [17,
36].

Lack of worker training in parallel with Al implementation was found to be a hin-
derance to successful collaboration [40]. The changing skill needs in high automation
tasks was acknowledged by [23], where humans need to be able to intervene in cases on
Al failure. A digital skill gap was described by [36], where the need for basic cognitive
and physical skills might be reduced, but the ability to think critically, digital literacy,
and the ability to work with AI will be needed. Fully automated Al was shown by [23]
to negatively impact skill acquisition, perceived autonomy, motivation and engagement.
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Several studies mentioned the challenge of conflicting priorities [17, 31, 32, 36].
This was described by [17], as a challenge for value alignment between humans and Al.
Another study [31] gave an example of system properties conflicting with safety, and
trade-offs between security and safety. Other ethical conflicts were listed by [32], namely,
navigating transparency but at the same time not exposing personal data, ensuring human
agency but without compromising safety, ensuring accountability but respecting privacy,
inclusivity through individual accommodations but not reducing predictable behavior
and safety, or giving autonomy but not introducing human bias.

Algorithmic bias was mentioned as a challenge by [17, 26, 28]. The challenge of
lack of human oversight was mentioned by [27], and similarly human-AlI control and
responsibility by [17]. Additionally, one study [36] reported rebound effects as a risk.

Several Al safety challenges were listed by [31], including unclear hazard identifi-
cation, the limits of purely technical analysis, system properties conflicting with safety,
the need for transdisciplinary expertise, concerns about human displacement, trade-offs
between security and safety, risks arising from human errors and sensor faults. The
same study also reported that new technologies such as Al are introducing new types
of challenges, leading to difficulties in risk identification, for example, due to reduced
standardization due to the nature of adaptable systems. Changing workforce also intro-
duces new types of challenges, as mentioned by [31], such as the inclusion of vulnerable
groups, e.g. people with disabilities, the elderly, and migrant workers.

3.3 Enablers

Finally, the reviewed papers proposed several enablers for addressing the identified
goals and challenges. Dynamic task allocation between human and non-human actors
was frequently addressed in the literature to improve operational performance. Studies
considered skills and roles [37], as well as cognitive and physical task complexity [28].
For example, [25], integrated dynamic scheduling into a digital twin platform where
Al-enhanced robots adapt task execution in real time to reduce physically demanding
and repetitive work for operators.

The need for continuous upskilling and reskilling of the existing workforce, in addi-
tion to hiring new talent, was noted by [36]. A virtual assistant was used by [28] to
enhance worker capabilities, and highlights the importance of streamlining onboarding
and continuously enhancing human capabilities to improve the interaction with the sys-
tem. The virtual assistant provides customized guidance to the operator based on skill
level and can also support operators in handling equipment failures by providing trou-
bleshooting recommendations based on machine data and documentation from past oper-
ator experiences. It retrieves human-generated, domain-relevant documentation to miti-
gate LLM biases. It is further complemented by a digital twin for virtual solution testing,
improving human understanding of the impacts of changes before implementation.

Studies demonstrated improved explainability through visual and textual commu-
nication. Proposed approaches include operator dashboards [21], visual displays [25],
saliency maps [20], spider charts [24], natural language explanations [19, 21], and trace-
ability logs [32]. For example, [21] described an operator dashboard supporting expla-
nations, manual overrides, feedback injection, and traceability of actions, while [25]
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enabled workers to understand and intervene in robot actions through visual communi-
cation of robot intentions. In contrast to images, text has also been used for explainability
[19, 21]. Descriptions in text form were used by [19] as a complement to enhance the
interpretation and validation of quality analysis results. Similarly, [21] integrated an
interpretable decision tree model, providing human-readable root cause explanations.
Natural language summaries are created based on decision-tree rules and contextual
information used by the Al model. However, it was found that workers with preexisting
expertise demonstrated higher performance outcomes when supported by explainable
Al, compared to workers with lower experience [20]. Explainability enables experts to
utilize their domain knowledge, to determine when to rely on the system and when to
override, leading to improved operational performance [22]. One study [32] suggested
creating auditability by keeping logs for tracing back actions, recommendations, and
overrides.

Many of these explainability mechanisms were also mentioned as trust-enabling
factors. Explainable Al, transparency, human-in-the-loop, semantic agents, and deci-
sion support were suggested by [27], to address challenges related to trust and human
oversight. Another study [24] aimed at building trust for embodied Al agents by ensur-
ing explainability, predictability, and environmental awareness. One study, [32], further
described trust as a lifecycle consideration embedded throughout AI design, valida-
tion, deployment, operation and evaluation. The same study highlighted transparency
of system actions, privacy-preserving data practices, and integrated worker training as
mechanisms for sustaining trust.

Multiple studies highlighted human oversight in AI collaboration. Such systems can
provide workers with the option to intervene or override Al plans [25], particularly
in complex decisions requiring human contextual judgement [35], or in unexpected
events in which human-in-the-loop approaches enable the integration of qualitative con-
siderations [26]. Additional mechanisms included feedback loops enabling workers to
give input for future iterations [19], and worker-guided Al optimization to incorporate
worker priorities [30]. Human oversight was further associated with accountability [32],
fairness against algorithmic bias [26], with research, [23], also demonstrating that Al
decision aids with final human authority enhance worker motivation, engagement and
skill acquisition.

One study [32] suggested addressing fairness by embedding bias-mitigation tech-
niques to reduce systemic disadvantages, and addressing inclusivity by ensuring acces-
sibility and effective performance from diverse workers, such as those with varying
abilities or skill levels. In addition, the evaluation of ethical performance encompassed
metrics such as user trust levels, usage and override statistics, incidents and near misses,
complaints and feedback tickets, diversity and fairness metrics, adoption and retention,
and performance with ethical constraints [32].

One study [17] placed humans at the center throughout design, development and use
of Al systems. More broadly, stakeholder inclusion emerged as a recurring aspect in the
development of human-Al collaboration systems [31-33, 41, 42]. Stakeholder inclusion
in impact analysis and in choosing safeguards was proposed by [32] as a way of address-
ing conflicts between ethical principles, as different stakeholders might have different
perspectives on ethical challenges, with the aim of also identifying concerns regarding
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trust and ethics. The need for including diverse stakeholder perspectives in risk identi-
fication and addressing safety challenges was stated by [31, 33] as well. User-centered
approaches were used to integrate worker perspectives through methods such as inter-
views, workshops, observations, and prototype testing [33, 42]. These approaches were
reported to support knowledge sharing and the development of shared understanding of
the desired solution [33].

4 Discussion

The review highlights a recurring set of human-centric goals in human-AlI collabora-
tion in manufacturing, as shown in Table 1. Trust [17] and transparency [21] are most
frequently mentioned, followed by augmentation [19], capability complementarity [26],
explainability [20], safety [31], and well-being [36]. Collectively, these goals suggest
that human-centric Al is expected not only to improve operational performance, but also
to shape human experience, understanding and preserve human control of Al-assisted
work.

Transparency, explainability and safety can influence trust, and at the same time,
trust, transparency and explainability are often treated as components of a broader ethi-
cal consideration, positioning ethics as a meta-goal. Safety similarly operates both as a
direct objective and as a component of well-being, while also shaping trust. This inter-
connect structure implies that isolated human-centric objectives are insufficient. Conse-
quently, our findings indicate that human-centric aspects are interconnected rather than
independent. Also indicated, is that effective human-centric Al requires holistic design
approaches that explicitly and carefully manage the interdependencies and trade-offs
mentioned above.

Job displacement emerges as a frequently mentioned challenge [39], potentially
linked to emerging skill gaps and a lack of capability complementarity between Al and
human skills. Not surprisingly, dynamic task allocation, considering human aspects and
tasks, appeared as a recurring enabler [37]. The findings support capabilities-based divi-
sion where Al handles data-intensive and repetitive tasks, while humans contribute with
contextual judgement, creativity, social interaction, and managing unexpected events.
Task division mechanisms should therefore be embedded in the design of human-Al sys-
tems. However, the review also suggests that “balancing” human and Al contributions is
not sufficient on its own. Several studies emphasize training, onboarding, and continuous
learning as necessary conditions for sustained and safe collaboration. At the same time,
the literature describes skill requirements and organizational changes only loosely, indi-
cating a gap between proposed human-centric principles and actionable implementation
guidance.

Moreover, literature projection of “human-centricity” appears to be skewed towards
physical ergonomics and reducing immediate physical risks. While Al-enabled robotics
and automated solutions can effectively reduce physical strain on human operators, the
cognitive and psychosocial dimensions of a particular task or work receive comparatively
less attention. Specifically, the findings indicate that current applications tend to address
short-term physical adaptation more than the long-term effects on human cognition,
such as cognitive load, skill degradation, overreliance, and changes to decision-making



Reviewing Human-Centric Aspects of Al Collaboration 149

practices. These gaps point to a need for deeper investigation of cognitive ergonomics
and psychosocial impacts in human-AlI collaboration.

Conflicting priorities were also identified as a challenge which affect ethics [32].
These issues are compounded by challenges at the organizational levels. Co-design of
human-Al collaboration systems appears as a highly mentioned enabler [33]. The method
is used to address conflicting priorities [32] and ensure safety [31]. An important finding
of this review is how human-centricity is interpreted by different stakeholders. For some,
human-centricity is protecting human operators from physical harm and ensuring their
safety. For others, human-centricity emphasizes inclusion, empowerment and meaning-
ful work. It is important to recognize these different aspects through all phases from
development to implementation.

Algorithmic bias emerges as another prevalent challenges [17], while explainable
interfaces appear as a common enabler for addressing explainability and transparency
[20]. The findings suggest that human-AlI collaboration is not only a technical integration
challenge but also a socio-cognitive one, where users must understand and rely on sys-
tem outputs. While prior Industry 5.0 research highlights similar priorities, the present
review indicates that such aspects may be predominantly addressed at interface level. A
possible explanation for this is that interface-level mechanisms, such as explainability
and transparency are easier to operationalize and evaluate on engineering-level research
than on organizational-level processes that include governance or skills development.
The organizational conditions that sustain trust over time, such as governance, contin-
uous training, and worker involvement, receive comparatively little attention. This may
indicate a gap between system design and organizational implementation, pointing to
the need for integrated socio-technical approaches.

The findings in this study are consistent with previous literature on human-centric Al
and Industry 5.0 in terms of the emphasis on trust, transparency, and human oversight.
Previous reviews have focused on conceptual definitions, cognitive and psychosocial
factors, or technological enablers. In contrast, this study specifically structures the liter-
ature around human-centric goals, challenges, and enablers in human-Al collaboration
in manufacturing. By doing so, this review contributes towards guidance in designing
Al-enabled manufacturing systems by clarifying desired outcomes and risks, as well as
providing examples of enabling mechanisms, to create systems that are not only efficient
but also aligned with human needs and values.

This study provides relevant implications for both research and practice. From
a research perspective, it indicates the need to move beyond conceptual discussions
of human-centricity towards empirically validated frameworks, measurable indicators,
and longitudinal analyses of human-AlI collaboration. From a practical perspective, the
results suggest that organizations should adopt holistic implementation approaches that
consider not only technical performance but also human factors such as trust, skill devel-
opment, cognitive load, and well-being. Integrating explainability, human oversight,
and continuous training into system design may support more effective and sustainable
human-AlI collaboration.
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4.1 Identified Limitations

The use of a single database (Scopus) may introduce selection bias, as relevant stud-
ies indexed in elsewhere could have been excluded. However, Scopus coverage has
historically a well-documented and higher coverage of manufacturing-related research.
The specificity of the search string, while ensuring focus, may have limited the inclu-
sion of studies addressing human-Al collaboration under alternative terminologies (e.g.,
human—-machine interaction or computer vision). We decided to avoid sub-groups of Al
to capture the contemporary discussion on Al applications in manufacturing, this was
in line with the narrow time-span of the review. Further work should naturally address
adjacent and complementary areas. When this limitation addressed through a sensitivity
check with additional, broader search terms, we found more than 350 papers, with many
of these addressing deeper technological development or primary objectives in different
industrial domains, e.g. Air Traffic Control. The limited corpus (n = 25) may constrain
the generalizability of our findings and may capture only parts of the diversity of appli-
cations and perspectives across the broad manufacturing domain, but it does provide an
exploratory overview of emerging themes and priorities in recent literature.

Although the review coding process was conducted by two of the authors, no formal
inter-coder reliability metric was reported, which would introduce subjectivity in the the-
matic classification. Finally, as this study is based on a literature review, the relationships
identified between human-centric goals, challenges, and enablers are not empirically
validated, and should therefore be interpreted as conceptual rather than causal.

4.2 Future Research

Future research should focus on operationalizing human-centricity by developing mea-
surable indicators and evaluation frameworks for constructs such as trust, transparency,
well-being, and human autonomy in Al-assisted work environments. Further investiga-
tions are also needed at the organizational level to understand how human-centric Al can
be embedded in work design, governance structures, and skill development strategies.
Longitudinal and cross-sectoral studies may additionally help examine how human-AI
collaboration evolves over time in relation to e.g. skill development, cognitive load, trust
dynamics, and potential overreliance on Al systems, as well as whether the identified
human-centric aspects are transferable beyond manufacturing context.

5 Conclusion

The research question formulated for this study was: What human-centric goals, chal-
lenges, and enablers should be considered in the context of human-AlI collaboration in
manufacturing? Through a literature review, the findings identify trust, transparency,
augmentation, human-Al capability complementarity, explainability, safety, and well-
being as recurring human-centric goals. The goals contain inter-dependencies, such as
trust, transparency, and explainability, forming a mutually reinforcing cluster, while
ethics and well-being operate as meta-goals encompassing several others. Frequently
reported challenges include job displacement, conflicting priorities, algorithmic bias,
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and skill gaps and lack of training, while common enablers include human oversight,
co-design, explainable interfaces, and task allocation. Overall, this study contributes a
structured synthesis of human-centric aspects in human-AlI collaboration in manufac-
turing and indicates the need for translating these aspects into actionable design and
organizational practices.
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