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Abstract

With hybrid intelligence the increased use of artificial intelligence can put at risk clinical expertise in deci-
sion-making. Clinical expertise is developed through years of deliberate practice, and this process is altered
when artificial intelligence support is applied in clinical decision-making as opportunities for learning par-
ticularly in complex decision-making situations are reduced. This paper discusses clinical decision-making in
relation to hybrid intelligence and clinical expertise and identifies strategies to address acquisition of expertise
to accommodate the transition to the use of artificial intelligence in the clinical context. In conclusion the use
of hybrid intelligence affects clinical expertise as artificial intelligence has the capacity to fundamentally alter
clinical learning and practice. Clinicians must be able to oversee artificial intelligence generated decisions.
This requires consideration of educational strategies to ensure clinical expertise in artificial intelligence use
is addressed proactively. Research is needed to identify effective strategies for interventions for development
and retention of expertise suited to hybrid decision-making environments and to explore and describe the col-
laboration between the human and artificial intelligence as co-agents.
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List of Abbreviations and machines being good at fundamentally different
Artificial intelligence (Al) things [1]. Artificial intelligence (Al) is not a simple

replacement or a basic add-on to human judgment.
Introduction While humans excel in subjective judgment, contextual

The shift toward hybrid systems focuses on humans understanding, and ethical reasoning, Al systems
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augment decision-making by processing vast datasets,
identifying patterns, and simulating scenarios with
unparalleled speed and precision [2]. In accordance
with Dellermann et al [3]. hybrid intelligence is
defined as the ability to achieve complex goals by
combining human and artificial intelligence, thereby
reaching superior results to those each of them could
have accomplished separately. Oversight of Al relies
on expertise. This paper discusses clinical decision-
making in relation to hybrid intelligence and clinical
expertise and identifies strategies to address acquisition
of expertise to accommodate the transition to the use
of artificial intelligence in the clinical context.

Hybrid Intelligence and Clinical Decision-Making
Hybrid decision-making has the underlying core
concepts of distributed cognition and cognitive
complementarity with distributed cognition theory
being considered as an entire interconnected system.
Distributed cognition emphasises the distributed
nature of cognitive phenomena across individuals,
artefacts and internal and external representations in
terms of a common language [4]. The traditional view
of cognition shifts from being a localised phenomenon
of information processing at the level of the individual
to cognition being better understood as a distributed
phenomenon [5]. It focuses on the processes of an
individual; on an individual in coordination with a set
of tools; or on a group of individuals in interaction
with each other and a set of tools. Collaborative
complementarity grows out of interaction and feedback
between the human and Al where human and machine
strengths amplify each other and drive effectiveness.
Both information asymmetry that is humans knowing
things about context that the Al simply cannot access
and capability asymmetry that is the mutual need
created by different cognitive strengths are drivers of
this potential.' Different levels of available information
(information asymmetry) and different capabilities to
process this information (capability asymmetry) may
generate discrepancies in decision outcomes [6].

Human—AI collaboration has been described as
evolving through three progressive configurations of
interaction: partial replacement, complementation,
and augmentation [7,3]. Each stage reflects a different
balance of responsibility and agency between the
human and Al systems. In the partial replacement
configuration, Al systems are primarily used to
automate repetitive, routine, or logistical tasks that do

not require nuanced pedagogical judgement [7]. Time
and cognitive load are eased by offloading standardised
functions to Al. In complementation humans and Al
systems perform different but interconnected aspects
in a decision-making situation. In this arrangement, Al
might generate formative feedback while the human
adds interpretive depth, explaining the rationale behind
the feedback so adapting it to the specific clinical
decision-making situation. Al brings computational
efficiency and pattern recognition, while the clinician
provides contextual judgement, empathy, and ethical
sensitivity. The final stage, augmentation, involves
the deliberate amplification of human capabilities
through intelligent assistance. This progression, from
replacement to complementation to augmentation,
illustrates a shift from automation to collaboration,
and ultimately towards co-agency, in which human and
machine roles are dynamically negotiated [8].

Specifically human - Al decision-making is a human-Al
collaboration [9]. The increasing abilities of Al have
contributed to the strengths of hybrid intelligence in
clinical decision-making as it addresses the essential
role of clinical judgment while leveraging Al’s
networked world of information and computer-mediated
interactions emerge as a dynamic of interaction for the
clinician [10,17]. The distribution of cognitive work
between humans and Al situates Al within clinical
decision-making as a distributed cognitive resource
rather than an autonomous decision-maker[10]. Hybrid
decision-making in clinical practice integrates Al-
driven data analysis with clinical expertise enabling
clinicians to apply their critical thinking, intuition, and
ethical reasoning to decision-making so enhancing
clinician performance with the limitations of Al being
considered [11]. For example, there are limitations
with humanistic and social dimensions of patient care
involving understanding of suffering and demoralisation
that are not adequately addressed for example with
artificial generated risk scores [12].

Significant metacognitive awareness and strategies are
required with the use of Al [13] that involve clinical
expertise. Clinical expertise is critical as the decisions
generated by Al require clinicians to recognise and reject
incorrect system advice [14]. This involves clinicians
evaluating both their own judgements and those
generated by the clinical Al system then integrating both
judgements effectively to arrive at a final decision [15].
They must be able to challenge and question for example
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decision transparency and explanations underlying
reasoning [16,17]. Clinicians must have oversight of
Al driven decisions so decisions can be modified in
real time and moral responsibility and legal liability
for final decisions can be held, specifically regarding
incorrect decisions [18,19]. Each clinical decision
must be legally defensible [20].

Clinical Decision-Making and Expertise
Dual-process theories of judgment and decision-
making describe two cognitive processes System
1, characterized by fast, intuitive, and affective
processing, and System 2, defined by slow, deliberative,
and analytical reasoning [21]. When making decisions
clinicians blend knowledge, intuition and experience
and use System 1 and 2 modes of thinking[21,22].
In the cognitive process clinicians analyse (critically
think), apply (clinically reason) and act (clinically
judge) [23,24]. A hallmark of expertise in clinical
decision-making is the use of inner cognitive cues that
prompt the use of abstract knowledge representation
and the most clinically relevant information [25] that
inherently hold clinical gestalt in specific patterns of
signs and symptoms intuitively leading to clinical
judgements [26]. When clinical decision-making
occurs in a hybrid context increasing reliance on
external cognitive agents such as algorithms can occur.
In this situation the decision maker may no longer
construct an answer but may adopt one generated by
an external system [27]. To accommodate the hybrid
cognitive environment Shaw and Nave propose System
3 as an exterior mode of thinking that accompanies
System 1 and 2, interior modes of thinking [27].

An expert is a person who no longer depends on rules,
guidelines or maxims; has an intuitive grip of situations
established on deep, tacit understanding; has analytical
methods used only in new situations; has a vision of
what is possible and possesses superior know-how
(procedural knowledge, or ability to carry out actions)
automatically performing tasks without conscious
monitoring [28]. The expertise of a professional has
been identified as a multidimensional construct that
comprises declarative knowledge (knowing that),
procedural knowledge (knowing how), and conditional
knowledge (knowing when and where or under what
conditions) [29]. Experts' instinctive actions are related
to relevant past experiences, pattern recognition and
skilled know-how [30].

Expertise is a complex and dynamic construct that can
be regarded not only as a sum of attributes a person
possesses (e.g., knowledge and skills) but as manifested
in superior performance in a specific work domain in
the form of consistently demonstrated actions that are
both optimally efficient in their execution and effective
in their results [31]. With the use of Al support risks of
de-skilling from reliance on Al support and erosion of
expertise and its acquisition are possible.

Acquisition of Expertise for Clinical Decision-
Making

After many years of studying experts in various fields
Ericsson concluded expertise develops through years of
deliberate practice and coaching [32]. Ericsson explained
an important distinguishing feature of deliberate practice
is it involves sustained effort to practice tasks in which
the individual is not as yet proficient [32]. According
to Ardichvili the process of expertise development
needs to include a variety of inter-connected activities
(e.g., deliberate practice, engaging in progressively
more challenging work activities that provide learning
opportunities, and learning informally from expert
coaches and peers) [33].

Central to the acquisition of clinical expertise is direct
engagement in clinical encounters where the opportunity
exists for the process of expertise development to occur.
According to Benner [34] the development of clinical
nursing expertise occurs in practice where a nurse tests
and refines both theoretical and practical knowledge
in actual clinical situations accompanied by reflection
on encountered circumstances that refines moment-to-
moment decision-making at an unconscious, intuitive
level [35]. A recent concept analysis of clinical nursing
expertise confirmed that deliberate accumulation of
relevant experience and contextual connections within
immersion in clinical practice are essential elements
[30]. In medicine according to Patel et al. [36], expert
performance requires about 10 years of devoted effort
by clinicians to accumulate knowledge bases of large
stores of information with comprehensiveness and
organization. The acquisition of clinical expertise is
therefore dependent on immersion in clinical practice
with encounters in increasing complexity.

The Impact of Al on Clinical Expertise

In AI clinical experts act as "human-in-the-loop"
decision-makers who interpret Al insights, manage
complex, unpredictable scenarios, and ensure that
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digital tools enhance rather than replace the human
connection in healthcare [37]. Automation enables
large volumes of data to be processed quickly,
complex patterns in data to be detected better and if the
patterns are relatively stable and predictable over time
performance can be improved through learning from
previous errors to reduce for example susceptibility to
cognitive biases [33]. Al brings data-driven insights,
computational power, and process automation
capabilities and the expertise of the clinician acts to
complement by contributing to the decision-making
process [38,2]. However, in the hybrid environment
technology is not able to address contextual judgment,
ethical oversight, and personalized patient care that
clinical expertise provides [39].

In this changed clinical context of practice Al results
in reducing deliberate practice or experimentation
[40,41]. The opportunity to learn and develop
clinical expertise diminishes and novices and less
experienced clinicians are no longer able to engage
in processes that develop expertise to the same extent.
Consequences with Al use are cognitive offloading
that reduces memory tasks and reasoning steps that
decreases cognitive effort, increased risk to calibration
in the judgement processes from over trust in system
outputs and failure to determine error impaired
learning as causal reasoning and decision outcome
links are obscure and the outsourcing of a decision
to an external tool (cognitive surrender) that involves
a deeper abdication of critical evaluation, where the
user relinquishes cognitive control and adopts the Al's
judgment as their own [42-45,27]. Further in complex
clinical decision-making situations readiness with non-
routine tasks and procedural skills are reduced leading
to stagnation and regression [44]. These consequences
threaten the process of expertise development. Overall
opportunities for developing expertise are eroded
including the processes of redistribution of cognitive
tasks and mediation of access to knowledge and
learning opportunities. Expertise is challenged with
the use of AL

A series of studies confirmed the negative effects of
knowledge support systems and Al [40,4]. For example,
decision makers who trust Al more and engage in less
effortful analytic thinking (lower cognitive reflection
and fluid intelligence) are more likely to display
cognitive surrender and the implementation of Al
technologies has been shown to result in the loss

of opportunities to acquire skills through on-the-job
learning [46,27]. The use of technology reduces the
performing of important cognitive tasks resulting in
a narrower, less comprehensive understanding of the
whole process of clinical decision-making [46].

With Al use expertise development is impaired as
opportunities for learning from repeated performance
of progressively more complex tasks; diminished ability
to engage in deliberate learning by practicing difficult
and not-yet-mastered tasks; and informal and incidental
learning are reduced [29]. A significant risk to adaptive
expertise (the capacity to apply existing knowledge
and skills to novel, complex, or unexpected situations)
arises with Al as it encourages surface learning,
reduces problem-solving skills, fails to develop the
habits and mindsets necessary for lifelong learning
and professional identity formation that leads to Al
induced deskilling [47]. Less experienced clinicians
and novices learning and consolidation of knowledge
and skills are particularly vulnerable to Al-induced
deskilling [48]. When the learning opportunities that
develop adaptive expertise are systematically reduced,
judgment, flexibility, and retention of mechanistic
understanding weaken so producing clinicians who excel
only in tightly defined, well-supported situations but
struggle when faced with ambiguity or novel challenges
[49]. More concerning is never-skilling (the failure to
develop essential skills in the first place) that can occur
in clinical contexts where there is continuous over-
reliance on Al and decision-support tools for learning
and clinical reasoning, without reflection or critical
appraisal of their output. When clinicians repeatedly
offload cognitive tasks cognitive processing becomes
more automatic. This transformation makes individuals
efficient in familiar, well-supported situations but less
adaptable and resilient when facing novel or complex
challenges [50]. Over time, this displacement produces
clinicians who excel at matching presentations to known
frameworks but struggle when patients deviate from
textbook patterns [48]. Dependence on automation
can generate clinicians less likely to understand the
information presented by machine output so lessening
the clinical value able to be provided. If all the clinician
is familiar with is an algorithmic approach, they are
unlikely to have skills in error recognition and recovery
to rescue due to lack of'skills in procedural practice and
incapability to carry out the meta cognition necessary to
perform complex clinical decisions [51]. Consequently,
the pool of clinicians capable of developing their

J. of Pro Med and Hea Care

Vol:2,3. Pg:4



Review Article Open Access

expertise and, with time, reaching higher levels of
expertise shrinks with novices and less experienced
clinicians having progressively smaller numbers of
opportunities to develop expertise through repeated
performance.

Strategies to Address Clinical Expertise in an
Automation Context

As the use of hybrid intelligence has the potential
to affect clinical expertise a proactive approach to
protect expertise and to make sure that adoption of Al
technologies enhances rather than replace expertise
is needed [50]. The capacity of Al to fundamentally
alter clinical learning and practice has been shown to
result in clinicians who are highly efficient but less
capable of independent problem-solving and critical
evaluation compared to pre-Al counterparts [52].
Deep tacit knowledge erosion, over-reliance on Al
recommendations and reduced development of clinical
intuition can potentially result and cognitive off-
loading and surrender of complex tasks such as clinical
reasoning can lead to “deskilling,” “never-skilling,”
or “mis-skilling” [52,27]. By targeting alternative
development opportunities with augmentation
strategies, the potential impact of automation on
expertise development can combat expertise loss and
progress expertise development.

Practice without automation that brings exposure to
clinical complexity is critical for the preparation of
entry-level professionals in academic institutions. Case
studies and /or simulations can provide novices with
clinical situations in which they can analyse complex
data, problem solve and develop analogical reasoning
[53]. Repeated clinical participation in progressively
more complex problem solving and practice sessions
that are totally free from digital aids allow certain
amounts of inefficiency and risk to be encountered
bringing challenge and complexity that are integral
parts of the learning process [54]. Regular practice
on unsupported reasoning and active problem-solving
exercises can develop clinical reasoning skills [38].
Strategies like these enable the reality of practice to
be encountered.

Al literacy for clinicians should include technical
understanding, critical appraisal, and practical
application as clinicians need to be able to critically
evaluate Al technologies; communicate and collaborate
effectively with Al; and use Al as a tool online in the

workplace [55,56]. Furthermore, Ng et al., confirm
this stating that instead of merely knowing how to
use Al applications, the underlying Al concepts and
ethical concerns of Al applications are needed that
Pupic et al, consider should include AI ethics and
interpretability [57,58]. Practicing clinicians need Al
literacy to understand algorithmic bias, limitations of
Al and conditions of uncertainty with a broad range of
foundational knowledge to understand the intricacies
of data and fundamental concepts like risk prediction or
causality [59]. Importantly novices and less experienced
clinicians need to be encouraged to be self-directed, so
they further develop their expertise even in the face of
automation-induced barriers to learning.

Competency is essential to use Al technologies
effectively [48]. Three tiers of clinical Al expertise
are proposed: basic, proficient and expert skills [58].
Strategies need to be employed to build and strengthen
skills in the use of Al such as reflective exercises that
encourage explanations of the reasoning processes
being used and critical reflection on how external
aids influence thinking both with and without Al so
developing critical evaluation and verification of Al
outputs [48]. In addition, teaching explicitly about the
cognitive risks of overreliance on technological supports
is also of utmost importance to foster awareness of when
and how to use Al technologies productively.

As human-Al collaboration redefines expertise with
clinical expertise shifting from individual and tacit to
distributed and system mediated a conceptual framework
for human-AI collaboration in decision-making needs
to be developed [45]. The synergy between human-Al
skills to arrive at competencies that ensures necessary
capacities for an automated clinical context needs to
be articulated [48]. Therefore identifying the expertise
clinicians will need with automated agents in an
automated context is critical. Expertise for automation
where cognitive work is distributed between the clinician
and the system must address how to bring knowing how
to work with systems that assist in clinical decision-
making. This will require system navigation capability,
balancing tacit knowledge development with digital
literacy, avoiding over reliance on Al and maintaining
critical judgement as a part of this configuration. The
attributes of the evolving co-agency role need to be
described.

Research studies designed to explore and identify the
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acquisition of expertise in a hybrid environment are
recommended. The evidence currently is fragmented,
and the field lacks a coherent research agenda [47].
A focus on the development of clinical expertise to
achieve and retain expert performance as well as
the consideration of the collaboration between the
human and Al, and its determination of the type of
expertise is needed to identify effective strategies
for interventions for expertise development suited
to hybrid decision-making environments. Another
fundamental question open to further study involves
what happens when core building blocks of clinical
thought, such as inference, evaluation, and justification,
are outsourced to artificial systems. This focuses on a
process-oriented view: understanding how clinicians
engage artificial cognition (e.g., knowledge navigation
and management), which cognitive paths they follow
(e.g., surrender, offloading), who is most susceptible or
resistant, and what conditions modulate these patterns
[27].

Conclusion

In conclusion hybrid intelligence applications in clinical
decision-making impact clinicians affecting clinical
expertise as Al has the capacity to fundamentally
alter clinical learning and practice. Clinicians must be
able to oversee Al generated decisions. This requires
consideration of educational strategies to ensure
clinical expertise is addressed proactively. Research
into the type of expertise needed for co-agency with
Al and effective educational strategies to address
deskilling is recommended.
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