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This paper examines the decision-making processes of physicians and intelligent agents within the

DOI: 10.7759/cureus.64115 healthcare sector, particularly focusing on their characteristics, architectures, and approaches. We provide a
theoretical insight into the evolving role of artificial intelligence (AI) in healthcare, emphasizing its
potential to address various healthcare challenges. Defining features of intelligent agents are explored,
including their perceptual abilities and behavioral properties, alongside their architectural frameworks,
ranging from reflex-based to general learning agents, and contrasted with the rational decision-making
structure employed by physicians. Through data collection, hypothesis generation, testing, and reflection,
physicians exhibit a nuanced approach informed by adaptability and contextual understanding. A
comparative analysis between intelligent agents and physicians reveals both similarities and disparities,
particularly in adaptability and contextual comprehension. While intelligent agents offer promise in
enhancing clinical decisions, challenges with types of dataset biases pose significant hurdles. Informing and
educating physicians about AI concepts can build trust and transparency in intelligent programs. Such
efforts aim to leverage the strengths of both human and AI toward improving healthcare delivery and
outcomes.
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Introduction

With recent developments in artificial intelligence (AI), such as ChatGPT, computers, programs, and robots
are evolving to think more like humans than ever before. Academic papers studying Al grew by more than
400% from 1996 to 2017, illustrating a collective interest in this trending field [1]. Regarding the private
sector, from 2000 to 2017, Al start-ups have increased 14-fold, venture capital investments in Al industries
have increased six-fold, and robot imports into North America have increased 2.5-fold [1]. Everyday people
likely interact with Al daily, as large companies such as Amazon, Google, and Netflix have fine-tuned Al
algorithms to support consumer purchase and consumption [2]. As Al grows in capability and demand, it is
crucial to understand how it will impact the healthcare field.

With the rise of total medical costs and the increasing scarcity of physicians, healthcare is a promising field
for Al support to improve efficiency and throughput. Drug discovery, clinical trial research, and medical
imaging recognition are just a few of the many large-scale opportunities in healthcare that have already
been implemented in AI [2]. Recent research has also proposed roles Al could fulfill that work more closely
with physicians and at the forefront of healthcare, specifically in clinical decision support. For example,
when prescribing antibiotics to patients, doctors need to be vigilant about preventing multidrug-resistant
diseases; an Al system that considers a range of variables from patient and hospital data could help reduce
the overuse of antibiotic treatment [3]. More concretely, Al programs have been shown to have safer triage
and diagnosis decision-making skills comparable to physicians in controlled patient simulations and offer
valuable information to improve clinical decision support in hypothetical medical scenarios [4,5]. As Al
continues to grow and infiltrate healthcare, it becomes crucial that physicians have a general idea of how an
Al program, or “intelligent agent,” makes decisions.

Technical Report

Intelligent agents
What Are Intelligent Agents

Intelligent agents can be defined as independent software or hardware entities that can perceive their
environment through sensors, collect information, process it, and choose to react to it through effectors or
actuators to achieve a desired goal or outcome [6,7]. This process is illustrated in Figure 1. In the simplest
example, an agent could be compared to a thermostat, constantly perceiving temperature throughout its
environment (via sensors), comparing this value to a predetermined range of reference values, and
conditionally using its inherent function to enact a change in temperature upon its environment (via
effectors).
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FIGURE 1: Properties between an intelligent agent and its environment

Visual representation of the dynamic relationship between an Intelligent agent and its environment and their
respective traits that may modify such relationship.

Image credit: [7]

Agent-Based Properties

Agent-based properties can modulate an agent’s disposition to observe and behave toward its
environment including the following properties [6,7].

Reactivity: An agent can perceive and respond to changes or stimuli in its environment in real-time. It
involves the agent's ability to react promptly to incoming data or changes, without necessarily relying on
prior planning or goal-setting.

Proactivity: An agent's capacity to take initiative and exhibit goal-directed behavior without external
stimulation or requests, involves the agent's capability to anticipate future events or changes, plan actions,
and act in pursuit of its goals without waiting for explicit commands.

Social ability: An agent's skill in interacting, communicating, and collaborating with other agents or entities
in its environment involves the agent's capability to engage in cooperative behavior and effectively
communicate or negotiate with other agents. An example would be a fleet of drones in a drone light show
that confer aerial positioning to one another to synchronize their movements without collision.

Mobility: An agent's ability to move or operate in different physical or digital environments involves the
agent's capability to transition between different locations or platforms to perform tasks, gather
information, or achieve its objectives.

Veracity: Trustworthiness, accuracy, and reliability of the information an intelligent agent receives,
processes, or provides. It involves ensuring that the data used by the agent is reliable, free from errors or
biases, and accurately reflects the real-world scenario.

Benevolence: The ethical aspect of an intelligent agent's behavior. It denotes the agent's intention to act in
a morally good or beneficial manner, considering the well-being of others, and adhering to ethical principles
or guidelines in its actions and decisions.

Rationality: An agent’s ability to make logically sound decisions and choices based on available information
and their objectives or goals involves assessing alternatives, weighing consequences, and selecting the most

optimal or rational course of action given the circumstances.

These properties collectively define various aspects of an intelligent agent's capabilities, ranging from its
responsiveness to the environment, ethical considerations, social interactions, decision-making, and
adaptability in different situations.

Agent Environment-Based Properties
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Environment-based properties discern the complexity of the physical or digital habitat the agent must map,
interact with, and process while pursuing its goal [6,7].

Accessibility: An agent's ability to obtain information about its environment. An environment is considered
accessible if the agent can obtain complete and accurate information about the environment's state at any
given time.

Determinism: The predictability of an environment's behavior is based on the agent's actions. A
deterministic environment means that, given a particular state and action, the next state of the
environment is always precisely determined and predictable.

Episodic: The agent's experience is divided into discrete episodes or episodes that do not affect each other.
Each episode is independent, and the agent's actions in one episode do not influence subsequent episodes.

Non-episodic: The agent's actions or experiences in one episode can affect or influence future episodes. The
current state and actions can impact future states and actions of the agent.

Static: The environment does not change while the agent deliberates its actions. The environment remains
constant throughout the agent's decision-making process.

Dynamic: The environment can change even when the agent is not acting. Changes occur independent of the
agent's actions and affect the environment's state.

Discrete: An environment with a finite and well-defined set of distinct states. Transitions between states are
well-defined and do not involve intermediate or continuous values.

Continuous: An environment with an infinite number of possible states, or the state space, is continuous.
Transitions between states involve continuous values or have a vast number of possible states without clear
boundaries.

These properties characterize the nature of environments in which intelligent agents reside, with the real
physical world being the most complex environment in which agents can independently operate.

Intelligent Agent Architectures

Intelligent agent architectures are frameworks that define the structure and behavior of agents in Al
systems. They can be divided into four main types [8,9]:

Reflex-based agents (RAs): As the name delineates, RAs reflexively select and execute actions based on the
current "percept” (information received from the environment), highlighting the aforementioned agent-
based concept of reactivity. RAs typically follow "if-then" rules (predefined rules or conditions), mapping
specific percepts to actions. A consequence of this architecture is that these agents do not consider the
consequences of their actions beyond the immediate perception; hence, they might not be suitable for
complex environments. There are two types of RAs: simple RAs and model RAs. A simple RA is characterized
by making decisions based solely on its current percept and lacks the ability to learn from its previous
experiences and interactions - often used due to its immediate processing speed, providing fast feedback
[8,9]. A real-world representation of a simple RA could be a stereotypical consumer-grade vacuum cleaning
robot [8,9]. A model RA is a slightly more refined and complex version of a simple RA, with the ability to
keep track of the state of its environment as a model based on historical percepts. It understands that the
environment around them may change independently of the effects of their actions, often having an
additional (but limited) set of decision-making conditions and rules to augment or enhance delusional
outcomes [8,9].

Goal-based agents (GAs): GAs have an internal goal representation that guides their behavior and considers
the future consequences of their actions toward their goals [8,9]. This necessitates the calculation of a long
sequence of actions required to reach their goal, instead of the immediate anticipation of a single action
[8,9]. GAs are flexible agents, as the reasoning for their decisions can be represented in a deliberate and
meaningful way that can be modified by changing their goal rather than a reflexive "if-then" instinct. Unlike
an RA, GAs favor the agent-based property of proactivity over reactivity, typically conferring a greater
degree of autonomy through the ability to self-initiate a precalculated string of actions to achieve a desired
goal without a preceding stimulus.

Utility-based agents (UAs): UAs make decisions beyond the binary measure of whether or not a goal was
achieved. Instead, UAs evaluate how the goal can be achieved, as not all paths to the same goal are equally
reliable, efficient, economical, quick, or safe. Rather than aiming to achieve specific goals, they consider
trade-offs between competing goals or outcomes, calculate the expected usefulness or 'utility' of various
actions, and choose the one that maximizes the overall utility [8,9]. Distinct from a GA, UAs rely more
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heavily on the property of rationality, weighing the marginal gains and losses of different paths of actions to
take, which is critical when improving an intelligent model through optimization.

General learning agents (GLAs): As shown in Figure 2, GLAs are derived from four main components: the
performance element, the learning element, the critic, and the problem generator [8,9]. The performance
element decides which actions to execute in the environment based on its percepts - what was previously
described as the entirety of an intelligent agent (RAs, GAs, and UAs). The learning element measures the
execution and completion of the performance element and makes changes that aim to improve performance
in the future. The learning element does this by collecting feedback from the critic, which is a component
that compares the performance element to a preprogrammed performance standard, allowing the agent to
understand how successful it was in completing its task. Lastly, the problem generator challenges the
performance element in undertaking and exploring new tasks, potentially discovering new strategies for
new problems to adapt to novel situations, acquire knowledge, and refine their behavior. It should be noted
that GLAs are not a discrete type of agent, and RAs, GAs, and UAs can be designed as GLAs.

General Learning Agent

Performance
Component

Input Output

Learning Problem

Critic
Component Generator

FIGURE 2: General learning agent model

Visualization of an architectural schematic for a general learning agent.

Image credit: [8]

Each architecture has its strengths and weaknesses, making them suitable for different environments and
tasks. For instance, simple reflex agents are straightforward but limited in complex environments. GAs are
more adaptive and goal-oriented, UAs consider trade-offs, and GLAs continually improve based on
experience. The choice of architecture depends on the specific requirements and characteristics of the
problem. For example, algorithms measuring the EEGs and EMGs in subjects need to be quick and
straightforward - a task that lends itself to a simple RA [9]. However, an agent that can learn, improve, and
adapt to novel and complex clinical presentations will be the most suitable option to make a more nuanced
and multifaceted decision or to support physicians making those decisions.

Physician clinical decision-making

Clinical Decision-Making Structure of Physicians

Physicians can be considered to use one of two general groups of cognitive strategies when making a clinical
decision: intuitively automatic experiential-driven reasoning (experiential) and a more rationally conscious
and logic-based type of reasoning (rational) [10-12]. Experiential decision-making is rooted in experience,
intuition, and heuristics that enable a physician to create a rapid clinical decision with acceptable utility,
which can be invaluable in time-sensitive life-saving cases. Contrastingly, rational decision-making typically
involves analyzing empirical data, referencing clinical guidelines, and consciously gathering and evaluating
all variables to reach a decision. Given that practicing physicians tend to prefer rational decision-making,
and that experiential decision-making is a uniquely human process not comparable to intelligent agents,
this paper will focus on the rational side of physician decision-making [10,11].

As seen in Figure 3, rational decision-making preceding diagnosis, as articulated by Trimble and Hamilton,
can be modeled in four steps: data collection, hypothesis generation, hypothesis testing, and reflection.
Data collection involves gathering medical information on a patient (lab values, medical history, physical
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examination, etc.) relevant to the support of a diagnosis [12]. This information is then processed,
interpreted, and weighed for significance to analyze patterns and inconsistencies in the patient data to
prepare a differential diagnosis, which leads to the next step. Hypothesis generation is akin to creating a list
of possible diagnoses based on the information collected, ranging from most to least probable. The purpose
of creating a differential is twofold. It both coerces the process of considering multiple possible diagnoses
and protects against a range of biases that may corrupt the decision-making process, such as anchoring to a
particular diagnosis based on initial evidence and keeping it beyond its total merit [13]. Once a differential is
synthesized, the next step proceeds. In hypothesis testing, the ideas are scanned for inconsistencies and
patterns of relevant discerning characteristics to isolate the initial batch of hypotheses to be tested [12].
Then diagnostic tests are used to confirm or refute possible hypotheses, requiring effortful and meticulous
thought, both in interpreting the information to create a likely candidate diagnosis and conscious
monitoring of unexpected results with the willingness to reassess the current diagnosis [12]. Cognitive
strategies, such as deduction, induction, abduction, rule-based reasoning, probabilistic reasoning, and
causal reasoning, can also help physicians refute or affirm potential diagnoses (Table I). The final step,
reflection, helps serve as feedback to evaluate the efficacy and quality of the physician’s final diagnosis. If an
error occurs during or after the clinical decision, it gives the physician time to think about what went wrong,
re-evaluate their thinking process to look at potential points of failure, and future-proof their clinical
reasoning process by learning from their mistakes and adjusting their cognition accordingly. Ultimately,
reflection is a form of self-monitoring that allows the physician to catch and understand mistakes in their
reasoning and improve over time.

Data Collection

Gathering patient history, conducting
a physical examination, and ordering
relevant tests like ultrasound or CT
scan to identify potential causes of
RLQA pain, focusing on onset,
severity, and associated symptoms.

\ 4

Hypothesis Generation

Formulating a differential diagnosis
list considering conditions such as
appendicitis, ovarian cysts, or kidney

Hypothetical stones based on collected data,

prompting exploration of multiple

Patient With Right potential etiologies.
Lower Quadrant
Abdominal (RLQA) Hypothe::s Testing

Pain Using CBC with differential to assess
for infection indicative of
appendicitis, transvaginal ultrasound
to evaluate for ovarian cysts, and
urinalysis to rule out urinary tract
stones to create a final diagnosis.

A 4

Reflection

Evaluating the effectiveness of data
analysis, hypothesis generation and
testing, learning from any errors, and
refining future diagnostic approaches
for continuous improvement.

FIGURE 3: Physician rational decision-making

Hypothetical patient scenario showcasing a physician’s rational clinical decision-making process.

Image credit: [12]
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Mode of
reasoning

Deductive
reasoning

Inductive
reasoning

Abductive
reasoning

Rule-based
reasoning

Probabilistic
reasoning

Causal
reasoning

Description

Deriving specific conclusions
from general principles or
premises

Inferring general principles or
conclusions from specific
observations or examples

Forming the most likely
explanation or hypothesis
based on the available
evidence

Applying predefined rules or
principles to make logical
decisions or draw conclusions

Assessing the probability of
different outcomes based on
available information

Identifying cause-and-effect

relationships between events or

variables

Published via University of South Florida

Example

If a medical textbook states that fever (A) is always caused by an infection (B), and a
patient has a fever (A), then deductive reasoning would conclude that the patient likely
has an infection (B).

After observing multiple patients with a specific set of symptoms (A) who all test positive
for a certain virus (B), one might inductively generalize that these symptoms indicate the
presence of that virus in similar cases.

A patient presents with cough and shortness of breath (A). Abductive reasoning might
suggest that the most likely explanation is pneumonia (B) based on common causes of
these symptoms.

If a medical guideline prescribes a specific treatment (B) whenever a patient has a certain
condition (A), rule-based reasoning would lead to the conclusion that the patient with that
condition should receive the prescribed treatment.

Assessing the probability that a patient with a history of smoking (A) will develop lung
cancer (B) based on statistical data and risk factors associated with smoking.

Identifying that exposure to a particular toxin (A) is causally linked to the development of
a specific disease (B), establishing a cause-and-effect relationship between the two in a
medical context.

TABLE 1: Modes of clinical decision reasoning

Presented are tabulated modes of reasoning commonly used by physicians during the clinical decision-making process. Each type of reasoning is
categorized with a description and a hypothetical example.

Table credit: [12,13]
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Of course, a discussion of physician cognition would be incomplete without mention of unrecognized biases
that impact their ability to make a decision. Unlike intelligent agents, the human mind is fallible in a way
that is hard to monitor, as unconscious processes may plague the decision-making process at any point of
our multi-step data collection, hypothesis generation, hypothesis testing, and reflection framework.
Cognitive errors are prevalent in clinical practice, with up to 75% of errors in internal medicine being
cognitive in origin [14]. A systematic review conducted by Saposnik et al. analyzed 20 publications involving
6,810 physicians to identify some of the most common forms of cognitive biases. The study found
overconfidence, anchoring, information, and availability bias to be the most common biases of the 19 studies
[15]. Overconfidence bias manifests when physicians exhibit excessive certainty in their diagnoses or
treatment plans, leading to diagnostic inaccuracies and inappropriate management decisions. The review
found overconfidence to have a prevalence between 50% and 70% of participants [15]. The anchoring effect
occurs when physicians fixate on initial information and fail to adjust adequately when new information
becomes available. For example, a physician may get anchored to an initial diagnostic impression and
disregard contradictory evidence, leading to errors. The prevalence of anchoring bias among physicians
ranged from 5.9% to 87.8% [15]. Both information and availability biases can contribute to diagnostic errors
by causing physicians to overlook or undervalue relevant information. Information bias refers to the
tendency to seek out and assign more weight to information that confirms one's preexisting beliefs or
hypotheses while discounting contradictory evidence; whereas, availability bias involves judging the
likelihood of an event based on how easily examples come to mind, often influenced by recent or memorable
cases rather than empirical data [14]. The prevalence of availability bias among physicians ranged from 7.8%

t0 75.6% [15].

Discussion
Comparing intelligent agents and physicians in rational decision-

making

Physician decision-making is algorithmic, involving discrete steps for information gathering, hypothesis
generation, testing, and reflection [12]. GLAs also have a similar paradigm: gathering objective data from the
outside world using sensors, comparing the collected data to internal precepts and objectives, executing an
action using an appropriate effector, and reflecting on its performance using self-created feedback and

60f9
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performance standards. These shared steps in meta-cognition lend GLAs well to assist physicians in
decision-making, although there are a few differences to delineate.

Physicians are highly adaptable, using their judgment to switch between various modes of reasoning (Table
1) to accommodate novel or complex cases and adjust their approach based on the uniqueness of each
patient. In contrast, the adaptability of intelligent agents varies based on their architecture, with GA, UA,
and GLA being more adaptable than a simple RA. GLAs contain the highest capacity to adapt, having the
ability, albeit limited, to self-monitor their performance and challenge themselves with simulated problems
and obstacles. This skill is imperative in the medical environment, as patients with similar conditions may
present variably and with concomitant pathologies, and multiple or different strategies may be required to
encapsulate and interpret patient data and create a diagnosis. Generally, most agents are only able to
complete tasks that they were explicitly trained to do with the dataset that they were trained on (e.g., an
agent that visualizes chest X-rays may not have the capacity to read MRIs, CTs, or ultrasounds, and an agent
used to process organized and structured data may be useless in interpreting unstructured or informal
clinical notes written by healthcare practitioners). With regard to the advent of large language models
(LLMs) such as ChatGPT, which has demonstrated clinical utility in a wide array of simulated patient
encounters, its depth of knowledge, quality, and scope is still confined to the boundaries of the data -
human literature in this case - fed into it during its training and maturation [5]. This also leads to the next
critique of intelligent agents regarding dataset bias.

Physicians excel at contextual understanding, meticulously considering individual patient histories,
previous hospitalizations, concurrent medications, and sociocultural factors to tailor their treatment
approach. In contrast, intelligent agents face inherent limitations dictated by the quality and diversity of the
datasets used to train them. This phenomenon is known as dataset bias, where Al programs demonstrate
poor generalizability beyond the original datasets used during training [16]. Even if an agent were to capture
the richness of patient context, it must contend with the assumption that the patient encounter aligns with
the distribution of observations within training datasets. Moreover, ensuring that training data accurately
represents the diversity of patient populations poses significant challenges, potentially leading to biases and
disparities in AI-driven healthcare applications. For example, studies on gender, age, and facial recognition
have shown that Al algorithms trained on imbalanced datasets may exhibit racial or gender biases, resulting
in inequitable outcomes for certain demographic groups [17,18]. In these cases, there was representation bias
- a subtype of dataset bias - where an under-representation of faces from certain genders and ethnicities
(East Asian, African American, etc.) and an over-representation of Caucasian data points caused models to
perform poorly in recognizing the former and to excel in recognizing the latter.

Another type of dataset bias is domain shift bias, where there is a gradually growing difference between the
data in training and the data in deployment (the domain in which the model will be used). Domain shift bias
can arise for various reasons, such as changes in the environment, differences in data collection procedures,
or shifts in user behavior over time [17]. Ultimately, this difference in distribution can lead to degraded
performance or unexpected behavior of the model when applied in the real world [19]. An example of
domain shift bias would be the hypothetical development of a dog breed identification model that uses a
dataset of professionally photographed dog breeds. As the model is integrated into a phone application for
pet owners, it struggles to accurately classify user-uploaded images due to variances in quality, lighting
conditions, backgrounds, and poses compared to the professionally curated dataset used for training.
Therefore, unlike physicians, current intelligent agent systems may wrestle with the ability to appropriately
generalize to new data outside of their training datasets, highlighting a crucial limitation, given that patient
backgrounds may drastically differ day-to-day within clinical encounters.

Future role of intelligent agents in clinical decision-making

The landscape of healthcare is complex and ever-changing. As large quantities of digitized patient data
begin to surge, the training, development, and application of clinical decision-making agents become more
viable. As more Al-driven programs in fields such as dermatology, neurology, and pediatrics are
experimentally validated and match or even outperform experienced physicians, it becomes imperative that
physicians gain insight into how intelligent agents function in general [20]. This is because physicians who
grasp the framework of the programs that they will eventually operate in a clinical setting are better
equipped to critically evaluate the outputs produced by these systems. They can assess the validity,
reliability, and potential biases of Al recommendations, ensuring that patient care decisions are based on
sound evidence and reasoning. Furthermore, building a healthy understanding of intelligent agent function
allows physicians to build trust and transparency and negate a “black box” effect - where the underlying
mechanisms of a system are not transparent or comprehensible to the user - that may grow skepticism
against clinical decision support programs, creating a larger barrier against the adoption of such systems.
Therefore, future physician education should aim to include foundational concepts of agent structure and
basic concepts of Al reasoning.

Despite the comprehensive examination of intelligent agents and their potential role in healthcare, this
study has several limitations that should be acknowledged. The study relies on a selected range of academic
papers and publications, which may not encompass all relevant research, potentially resulting in an
incomplete overview of the latest advancements. The findings, based on existing literature and theoretical
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frameworks, may not fully capture the variability and complexity of real-world clinical settings, limiting
their generalizability to diverse healthcare environments and patient populations. Additionally, while
discussing the potential capabilities of intelligent agents, the study lacks empirical validation through
practical experiments or clinical trials, making the practical applicability and effectiveness of these agents in
actual healthcare settings speculative. Technological limitations, such as computational constraints and
algorithmic inefficiencies, are not deeply explored, and ethical considerations are only briefly touched upon.
Furthermore, the rapidly evolving nature of Al research necessitates continuous updates to maintain
relevance and accuracy. Future research should address these limitations by incorporating a broader range
of data sources, conducting empirical validations, and exploring ethical and technological challenges in
greater detail.

Conclusions

As Al becomes increasingly ingrained in healthcare, understanding the roles of intelligent agents and
physicians is paramount. While intelligent agents offer the potential for augmenting clinical decisions, they
face challenges such as dataset bias, contrasting with the adaptability and contextual understanding of
physicians. Moving forward, integrating the strengths of intelligent agents with the expertise of healthcare
professionals holds promise for improving diagnostic accuracy and patient outcomes. This integration
necessitates embedding Al concepts into medical education and fostering trust between physicians and Al
systems. Collaboration across disciplines is crucial for ensuring ethical Al development and deployment in
healthcare. By prioritizing equity and patient-centered care, the fusion of human and AI can propel
healthcare delivery into a new era of effectiveness and efficiency.

Additional Information
Author Contributions

All authors have reviewed the final version to be published and agreed to be accountable for all aspects of the
work.

Concept and design: Kian A. Huang, Haris K. Choudhary, Paul C. Kuo

Acquisition, analysis, or interpretation of data: Kian A. Huang

Drafting of the manuscript: Kian A. Huang, Haris K. Choudhary

Critical review of the manuscript for important intellectual content: Kian A. Huang, Paul C. Kuo

Supervision: Kian A. Huang, Paul C. Kuo

Disclosures

Human subjects: All authors have confirmed that this study did not involve human participants or tissue.
Animal subjects: All authors have confirmed that this study did not involve animal subjects or tissue.
Conflicts of interest: In compliance with the ICMJE uniform disclosure form, all authors declare the
following: Payment/services info: All authors have declared that no financial support was received from
any organization for the submitted work. Financial relationships: All authors have declared that they have
no financial relationships at present or within the previous three years with any organizations that might
have an interest in the submitted work. Other relationships: All authors have declared that there are no
other relationships or activities that could appear to have influenced the submitted work.

References

1.  YangL, Zhu M: Review on the status and development trend of Al industry . ICCCBDA. 2019, 89-93.
10.1109/ICCCBDA.2019.8725756

2. Bohr A, Memarzadeh K: The rise of artificial intelligence in healthcare applications . Artificial Intelligence in
Healthcare. Academic Press, Cambridge, Massachusetts; 2020. 25-60. 10.1016/B978-0-12-818438-7.00002-2.

3. Garcia-Vidal C, Sanjuan G, Puerta-Alcalde P, Moreno-Garcia E, Soriano A: Artificial intelligence to support
clinical decision-making processes. EBioMedicine. 2019, 46:27-9. 10.1016/j.ebiom.2019.07.019

4. Baker A, Perov Y, Middleton K, et al.: A comparative study of artificial intelligence and human doctors for
the purpose of triage and diagnosis. Front Artif Intell. 2020, 3:543405. 10.3389/frai.2020.543405

5. LiuS, Wright AP, Patterson BL, et al.: Using Al-generated suggestions from ChatGPT to optimize clinical
decision support. ] Am Med Inform Assoc. 2023, 30:1237-45. 10.1093/jamia/ocad072

6. Wooldridge M, Jennings NR: Intelligent agents: theory and practice. Knowl Eng Rev. 1995, 10:115-52.
10.1017/50269888900008122

7.  Wooldridge M: Intelligent agents: the key concepts. Multi-Agent Systems and Applications II. Marik V,
Stépankova O, Krautwurmové H, Luck M (ed): Springer, Berlin Heidelberg, Berlin, Germany; 2002. 3:43.
10.1007/3-540-45982-0_1

8. Russell §J, Norvig P: Artificial Intelligence: A Modern Approach. Prentice Hall, New Jersey; 2003.

9. Petrova-Dimitrova V: Classifications of intelligence agents and their applications . Fundam Sci Appl. 2022,
28:559.

2024 Huang et al. Cureus 16(7): e64115. DOI 10.7759/cureus.64115 8of9


https://dx.doi.org/10.1109/ICCCBDA.2019.8725756?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1109/ICCCBDA.2019.8725756?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/B978-0-12-818438-7.00002-2?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/B978-0-12-818438-7.00002-2?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.ebiom.2019.07.019?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.ebiom.2019.07.019?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.3389/frai.2020.543405?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.3389/frai.2020.543405?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1093/jamia/ocad072?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1093/jamia/ocad072?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1017/S0269888900008122?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1017/S0269888900008122?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1007/3-540-45982-0_1?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1007/3-540-45982-0_1?utm_medium=email&utm_source=transaction
https://people.engr.tamu.edu/guni/csce421/files/AI_Russell_Norvig.pdf?utm_medium=email&utm_source=transaction
https://journals.tu-plovdiv.bg/index.php/journal/article/view/559?utm_medium=email&utm_source=transaction

Cureus

Part of SPRINGER NATURE

10.

11.

12.

13.

14.

15.

16.

17.

18.

20.

Published via University of South Florida

Aldamiri KT, Alhusain FA, Almoamary A, Alshehri K, Al Jerian N: Clinical decision-making among
emergency physicians: experiential or rational?. ] Epidemiol Glob Health. 2018, 8:65-8.
10.2991/j.jegh.2018.04.102

Calder LA, Forster AJ, Stiell IG, et al.: Experiential and rational decision making: a survey to determine how
emergency physicians make clinical decisions. Emerg Med J. 2012, 29:811-6. 10.1136/emermed-2011-200468
Trimble M, Hamilton P: The thinking doctor: clinical decision making in contemporary medicine . Clin Med
(Lond). 2016, 16:343-6. 10.7861/clinmedicine.16-4-343

Corrao S, Argano C: Rethinking clinical decision-making to improve clinical reasoning. Front Med
(Lausanne). 2022, 9:900543. 10.3389/fmed.2022.900543

O'Sullivan ED, Schofield SJ: Cognitive bias in clinical medicine . ] R Coll Physicians Edinb. 2018, 48:225-32.
10.4997/JRCPE.2018.306

Saposnik G, Redelmeier D, Ruff CC, Tobler PN: Cognitive biases associated with medical decisions: a
systematic review. BMC Med Inform Decis Mak. 2016, 16:138. 10.1186/s12911-016-0377-1

LiY, Vasconcelos N: REPAIR: removing representation bias by dataset resampling . Proc IEEE Comput Soc
Conf Comput Vis Pattern Recognit. 2019, 2019:9564-73. 10.1109/CVPR.2019.00980

Puc A, Struc V, Grm K: Analysis of race and gender bias in deep age estimation models . Eur Signal Process.
2020, 28:830-4. 10.23919/Eusipco47968.2020.9287219

Kérkkadinen K, Joo J: FairFace: face attribute dataset for balanced race, gender, and age for bias
measurement and mitigation. IEEE Winter Conf Appl Comput Vis. 2021, 2021:1547-57.
10.1109/WACV48630.2021.00159

Zhou K, Liu Z, Qiao Y, Xiang T, Loy CC: Domain generalization: a survey. IEEE Trans Pattern Anal Mach
Intell. 2023, 45:4396-415. 10.1109/TPAMI.2022.3195549

Harish V, Morgado F, Stern AD, Das S: Artificial intelligence and clinical decision making: the new nature of
medical uncertainty. Acad Med. 2021, 96:31-6. 10.1097/ACM.0000000000003707

2024 Huang et al. Cureus 16(7): e64115. DOI 10.7759/cureus.64115

90f9


https://dx.doi.org/10.2991/j.jegh.2018.04.102?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.2991/j.jegh.2018.04.102?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1136/emermed-2011-200468?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1136/emermed-2011-200468?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.7861/clinmedicine.16-4-343?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.7861/clinmedicine.16-4-343?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.3389/fmed.2022.900543?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.3389/fmed.2022.900543?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.4997/JRCPE.2018.306?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.4997/JRCPE.2018.306?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1186/s12911-016-0377-1?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1186/s12911-016-0377-1?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1109/CVPR.2019.00980?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1109/CVPR.2019.00980?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.23919/Eusipco47968.2020.9287219?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.23919/Eusipco47968.2020.9287219?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1109/WACV48630.2021.00159?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1109/WACV48630.2021.00159?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1109/TPAMI.2022.3195549?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1109/TPAMI.2022.3195549?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1097/ACM.0000000000003707?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1097/ACM.0000000000003707?utm_medium=email&utm_source=transaction

	Artificial Intelligent Agent Architecture and Clinical Decision-Making in the Healthcare Sector
	Abstract
	Introduction
	Technical Report
	Intelligent agents
	FIGURE 1: Properties between an intelligent agent and its environment
	FIGURE 2: General learning agent model

	Physician clinical decision-making
	FIGURE 3: Physician rational decision-making
	TABLE 1: Modes of clinical decision reasoning


	Discussion
	Comparing intelligent agents and physicians in rational decision-making
	Future role of intelligent agents in clinical decision-making

	Conclusions
	Additional Information
	Author Contributions
	Disclosures

	References


