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ABSTRACT - This review covers human-artificial intelligence collaboration in making decisions, observing how scholarship has
moved from thinking of AI as a passive tool to considering it as an active actor in healthcare, management, and ethics. While Al
systems provide for efficient data processing and pattern recognition, humans provide contextual understanding, ethical judgment,
creativity, and accountability. Previous literature suggests that well-designed collaboration between humans and AI may outperform
completely automated decision-making. However, several key challenges persist, like bias, lack of transparency, mis calibrated trust,
poorly defined distribution of roles, and accountability gaps. To handle these concerns, human-centered design, explainability in Al,
well-articulated guidelines on ethical consideration, and mechanisms that effectively introduce oversight remain at the core of
literature. These approaches jointly try to ensure that human—AI decision-making systems are fair, accountable, and trustworthy in
high-stakes and critical settings.

INTRODUCTION

This work centers on the growing area of human—Al collaboration in decision-making processes. Human—AlI
collaboration can be seen to refer to collaboration between humans and Al systems when complementary strengths
from both elements come together to develop superior outcomes. Indeed, recent studies show a clear shift away
from considering Al as a passive tool towards understanding it as an active decision maker [1,5].

Drawing on literature from management, healthcare, autonomous systems, and ethics, this review interrogates how
responsibilities are allocated between humans and Al within collaborative decision-making architectures [3,9]. In
addition, while Al systems are good at the fast analysis of data, pattern recognition, and predictive tasks, human
agents bring contextual understanding, ethical judgment, and responsibility for ultimate decisions [8,12]. However,
ethical challenges such as algorithmic bias, lack of transparency, mis calibrated trust, and ill-defined boundaries
of responsibility stand in the way of effectively deploying human—AlI decision systems, especially in high-stakes
domains [6,10].

This review synthesizes existing scholarship to analyze these ethical challenges through the dimensions of
accountability, fairness, transparency, and human control. In integrating findings across disciplines, the paper will
shed light on current limitations, identify gaps in the extant research, and propose directions for responsible
development of trustworthy and ethically bounded human—AlI decision-making systems.

LITERATURE REVIEW

Scholarship on human-Al collaboration increasingly reframes Al from a passive decision-support tool to an active
participant in collaborative decision-making. Foundational conceptual analyses point out that effective
collaboration arises when human judgment and Al capabilities are deliberately integrated rather than substituted
for one another [1,5]. These studies emphasize complementary strengths: Al contributes speed, scalability, and
pattern recognition while humans bring contextual reasoning, ethical awareness, and accountability for outcomes.
More recent syntheses reinforce this perspective by outlining human-Al collaboration as a socio-technical system
rather than a purely technical solution [9,13].

A few of these studies focus particularly on ethical decision-making within human—Al teams. Studies in
autonomous systems and ethical modeling highlight that, when Al systems impact pivotal decisions, shared
responsibility and moral oversight become paramount considerations [2,7]. Empirical and conceptual work
indicates that ethical risk arises when decision authority becomes ambiguously divided between humans and Al,
engendering accountability gaps [1,12]. From this perspective, Al ethics literature calls for clear human roles and
constrained, ethical Al behavior in order to minimize unintended harm [11].
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Another central theme in the literature is trust and reliance. Experimental comparisons between human and Al
experts suggest that human—AlT teams can outperform individual decision-makers, but only if trust is well calibrated
[6,10]. Over-reliance on Al recommendations can produce automation bias; under-reliance can prevent teams from
capitalizing on Al’s analytic strengths.

Research in medical and other high-consequence decision domains has shown that transparency and explainability
have a profound impact on trust and effective collaboration [15]. More recent work broadens the perspective
beyond dyadic human—Al interaction to take up governance and system-level issues. Reviews and framework-
oriented articles identify fairness, transparency, accountability, and human control as mutually interdependent
ethical dimensions that need to be addressed together rather than separately [9,13]. These analyses conclude that
ethical human—AlI collaboration requires integrated design strategies that intertwine technical safeguards with
organizational practices and regulatory oversight. Overall, the literature suggests that, while human—Al
collaboration carries great potential, its ethical feasibility depends on thoughtful system design, clear role
specification, and continued human participation.

METHODOLOGY

This review uses a qualitative approach, combining conceptual analysis, a structured look at past research, and a
summary of recent studies on making. The goal is to see how researchers define human—Al teamwork, what
methods they use, and how these choices affect our understanding of trust, responsibility, and the quality of
decisions made together.

Paper Selection and Scope: The studies reviewed include peer-reviewed journal articles, conference papers, and
select preprints that focus on human—AlI collaboration, ethical

questions, and AI’s role in important decisions. Only research that looked specifically at how humans and Al
interact, or share roles, was included. Papers on fully independent Al systems were left out. The selection covers
both theoretical discussions and real-world tests of decision-support systems.

Conceptual and Theoretical Analysis: First, the review looked at conceptual and theory-based papers to see how
they model humans and AI how humans and AI work together in decision-making. as partners in decision-making.
These studies were checked for how they talk about human control, shared responsibility, ways to supervise Al,
and the ethical rules for working together. Important ideas like agency, accountability, and oversight were pulled
out to build a foundation for the rest of the review.

Analysis of Empirical Study Designs: Empirical studies were then examined for how they set up their
experiments, what decision tasks they used, who participated, and how they measured results. Special attention
was given to research comparing human experts with Al, or looking at different levels of Al involvement, like just
giving advice versus making decisions. The review focused on how these studies measured trust, reliance, and
responsibility and performance to see how well human-Al teams work together.

Cross-Study Synthesis: Finally, the review brought together findings from all the different types of studies to
identify where they agree or disagree about ethical human—Al collaboration. Conceptual models of shared roles
were compared with real-world evidence on trust and responsibility. This helped highlight both common trends
and gaps in what we know, pointing to what future research should focus on for more ethical and effective human—
Al partnerships.

ETHICAL CHALLENGES IN HUMAN-Ai DECISION MAKING

When people and Al work together to make important choices, several ethical challenges tend to come up again.
These include accountability (who’s responsible), bias, and Fairness, transparency (how decisions are made), and
keeping meaningful human control. These issues are closely linked—if one is weak, it often makes the others
worse. For Al-supported decisions to be trusted and accepted by society, each challenge needs to be addressed
through both smart technical design and strict rules or oversight.

Accountability: To fix this, it’s important to clearly define everyone’s roles throughout the Al lifecycle, keep
detailed records of decisions, and make sure there are ways to check what happened if problems arise. Laws and
regulations also need to spell out who is liable and who oversees these systems as Al becomes more involved in
decision-making.

Bias and Fairness: Al systems can sometimes reinforce unfairness if they are trained on biased data. This can lead

to discrimination in areas like hiring, loans, healthcare, or criminal justice. When people and Al work together,
there’s a risk that humans might just go along with Al suggestions—even if those suggestions are biased. Fighting
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bias goes beyond just fixing problems after they show up. It means collecting data carefully, measuring fairness,
and checking results regularly. It also requires including different voices in the design process to make sure certain
groups aren’t treated unfairly.

Transparency: Trust in Al decisions depends on understanding how those decisions are made. Many modern Al
One major question is who should take responsibility when things go wrong. If an Al system plays a big role in a
bad outcome, it can be unclear whether blame should fall on the designers, the people using the system, the
company that owns it, or even government regulators. Because humans and Al share decisions, traditional ideas
about responsibility don’t always fit. Systems work in complex ways that are hard for people to understand—
sometimes called “black boxes.” This makes it difficult to spot mistakes, challenge unfair decisions, or know if
the system is working ethically. To improve transparency, Al systems should include ways to explain their
decisions, provide clear documentation, and offer access to the data and logic behind their choices. Explanations
should be easy to understand and relevant to the people affected by the decisions.

Human Control: It’s vital to make sure that humans stay in control of decisions, especially when those decisions
are sensitive or have big consequences. As Al gets more advanced, there’s a risk that important choices could be
handed over to machines without enough human input. Good human control means having clear points where
humans can step in, making sure people and Al trust each other appropriately, and giving humans real power to
change or stop Al actions if needed. People shouldn’t just be figureheads—they need to stay engaged and informed
throughout the process.

RESEARCH GAPS AND FUTURE DIRECTIONS
Although research on ethical human—AlI decision systems is growing fast, there are still important gaps that need
to be addressed to make these systems truly effective and trustworthy in the real world.

Limited Real-World Evidence in High-Stakes Situations

Much of what we know comes from lab experiments and simple decision tasks, not from real-life situations where
the stakes are high—Tlike healthcare, law, finance, or public policy. These studies often miss important factors such
as workplace pressure, actual accountability, time limits, and legal risks. Moving forward, researchers should focus
on studies that use real-world settings, long-term observations, and tests within organisations. This would help us
understand how well accountability, fairness, transparency, and human control hold up when it really matters.

Simple Interaction Models: Even though we talk about “collaboration,” most current human—Al systems only
provide one-off Studies show that just adding Al to the mix doesn’t automatically make teams better. Problems
often come from misplaced trust, over-reliance, or not understanding what Al can and can’t do.

recommendations or basic advice. True teamwork—where people and Al discuss, challenge each other, and solve
problems together—is still rare. Future research should try out richer ways for humans and Al to interact, such as
step-by-step collaboration, resolving disagreements, or co-creating solutions. We also need better ways to tell the
difference between basic assistance and real teamwork.
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Fragmented Approach to Ethics: Ethical issues like fairness, accountability, and transparency are often studied
separately, which means systems might be good in one area but weak in others. This piecemeal approach doesn’t
align with how these issues are interconnected in real life. A key step is to build methods that evaluate all these
ethical aspects together. This way, we can see how fairness, clear responsibility, openness, and human control work
side by side in real-world systems.

Human Factors and Trust: Future work should focus on helping humans build the right level of trust in Al,
designing training and interfaces that show when to trust the system and when to question It.

Missing Socio-Legal and Global Perspectives: Most research is centered in a few countries and doesn’t always
consider global perspectives, especially those from the Global South or marginalized communities. This can lead
to ethical guidelines that don’t fit everywhere and sometimes reinforce existing inequalities. The field needs more
research that compares different countries, includes voices from underrepresented groups, and develops flexible
rules that can be adapted locally. This will help make human—AlI collaboration fair and just for everyone.

Moral Reasoning and Value Alignment: Finally, there’s still a big gap between technical work on human—Al
teaming and deeper questions about values and moral responsibility. Many systems assume ethics can be captured
by simple rules or numbers, without considering what decisions should—and shouldn’t—be handed over to Al
Future research should bring together ideas from philosophy, ethics, and design to make sure humans stay
meaningfully involved, especially for tough moral choices. Bridging this gap is key to setting boundaries and
keeping Al aligned with what we value as a society.

LONGITUDINAL DISTRIBUTION OF RESEARCH LITERATURE (2019-2025)

Research Publications per Year (2019-2025)

i N O
= 2019 2021 2022 2023 2024 2025
YEARS OF NUMBER OF PAPERS CORE RESEARCH FOCUS AREA
RESEARCH PAPER
2019 1 Technical foundations and complex reasoning
2021 1 Anticipatory Governance and Ethical Tools
2022 5 Human-Al Teaming and Ethical Risks Standards
2023 1 Generative Al Impact and Ethical Risks
2024 3 Organisational Productivity and Team Dynamics
2025 4 Agentic Al Systems and Governance Security
CONCLUSION

This review examined ethical boundaries in human—AI decision systems by focusing on accountability, bias and
fairness, transparency, and human control. Across existing studies, it becomes clear that ethical issues are not
secondary concerns but central factors that shape trust and responsibility in Al-supported decision-making,
especially in high-stakes contexts. Future research must move toward realistic deployments, richer forms of
human—Al interaction, and integrated ethical evaluation frameworks. Ultimately, the ethical success of human—Al
decision systems depend not on Al sophistication alone, but on how effectively humans remain informed,
accountable, and able to intervene.
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