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Abstract
The emergence of agentic artificial intelligence (AI) systems—frameworks characterized by autonomous per-
ception, reasoning, action execution, and iterative learning—requires rigorous oversight, particularly as they are  
integrated into healthcare domains. A growing body of literature has demonstrated a persistent gap between measured 
performance and real-world effectiveness in conventional healthcare AI, often resulting in limited reliability and 
poor contextual generalization. The integration of autonomy, adaptation, and feedback loops by agentic AI into 
clinical structures may further magnify these vulnerabilities, potentially eroding patient trust, amplifying cascading 
errors, worsening health inequities, expanding accountability gaps, and creating self-reinforcing decline. This 
perspective manuscript argues that systems-thinking methodologies are essential for the prospective evaluation 
of agentic healthcare AI, as they provide a holistic perspective that captures emergent downstream impacts within 
contextual complexity over time, thereby enabling the assessment of a decision-making architecture that underlies 
autonomy, action, and adaptation.
Keywords: artificial intelligence; healthcare AI; agentic AI systems; systems thinking; prospective evaluation 
framework

Introduction: nascency of agentic AI systems 
in healthcare

The integration of artificial intelligence (AI) into clinical 
practice meaningfully affects healthcare delivery and 
potentially enhances medical practice[1]. AI in health-
care has undergone an expansion, progressing beyond 
traditional machine learning (ML) approaches. It now 
includes deep learning, reinforcement learning, neural 
networks and large language models (LLMs) for clini-
cal pattern recognition and decision-making support[2]. 

This expansion has been driven primarily by substan-
tial financial investment, the increasing availability of 
large-scale healthcare data, and growing evidence in the 
literature of AI’s clinical utility[3]. At present, the global 
AI community is observing the rapid growth of an 
emerging framework called agentic AI, which provides 
autonomous perception, reasoning, action execution, 
and continuous learning over time[4].

In healthcare, agentic AI systems refer to autonomous 
systems that perceive their clinical environments, reason 
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over multimodal patient data, plan and execute multi- 
step actions, and adjust based on received feedback. 
Although conventional AI systems in healthcare perform  
a range of specialized functions, they remain  more limited 
than agentic AI systems. Basic workflow automation 
follows rigid rules without reasoning, LLM-based tools 
generate text responses without real-world actions, and 
decision support systems provide static recommenda-
tions without iterative adaptation. Agentic AI systems, 
by contrast, enable goal-directed reasoning, dynamic 
action execution, and adaptive problem-solving within 
clinical workflows[5,6].

Recent literature on agentic AI in healthcare emphasizes 
that its ability to operate autonomously toward clinical 
goals may reduce physician workload, lower documen-
tation burden, and support faster diagnostic processes[7]. 
Beyond clinical workflows, agentic AI is claimed to be 
a key enabler of personalized and preventive medicine, 
supporting adaptive treatment plans and chronic disease 
management for elderly individuals and people with 
disabilities[8]. At a systems level, researchers project 
broader impacts from agentic AI in healthcare such as 
improved resource utilization, enhanced health policy 
decision-making, and increased economic value for 
healthcare systems[9,10].

Despite these favorable prospects, the real-world 
deployment of agentic AI in healthcare may face critical 
challenges at each core layer[11]. These challenges arise 
from the human-centered nature of medical interventions, 
the ethical importance of care delivery, and the evolving 
nature of health outcomes[12]. In healthcare settings, trust 
is central to the delivery of effective care[13]. Any health 
data integration within the data sensing layer of agentic 
AI systems requires ethical approval and adherence to 
privacy regulations[14]. Reliance on patient consent in 
AI-assisted clinical practices is a concern, as consent 
may be shaped by reluctance to engage with additional 
procedures or by insufficient understanding of the under-
lying process. In addition, patient consent alone has not 
traditionally been regarded as a primary legal basis for 
all uses of patient data within healthcare[15]. Transparency, 
responsibility and fairness may also be challenging to 
achieve in agentic healthcare AI[16], particularly given 
the introduction of autonomy through the brain, action, 
and learning layers. The brain layer may limit trans-
parency because of the black-box nature of its internal 

reasoning processes, making it challenging to provide 
clear information to patients about their treatment deci-
sions. Meanwhile, tasks currently performed by humans, 
which are already constrained by liability concerns, may 
be replaced by action layers, where AI-generated recom-
mendations could introduce additional tasks without 
clear accountability for any party. Finally, continuous 
data integration into feedback loops for learning raises 
the risk of overfitting to recently observed data and may 
ultimately alter system behavior in ways that lead to 
undesirable outcomes[17].

The current literature on healthcare AI employs a 
Strengths, Weaknesses, Opportunities, and Threats (SWOT) 
framework to assess its implications for healthcare sys-
tems[6,18–25], providing an informative foundation for a 
more structured perspective on the challenges of agentic 
healthcare AI. The current perspective manuscript is 
motivated by the growing interest in deploying agentic 
AI in healthcare, despite unresolved challenges in its 
comprehensive evaluation. To help bridge this gap, this 
manuscript details the inadequacies of current evalua-
tion frameworks for agentic AI in healthcare, presents 
structured examples of these challenges, and emphasizes 
systems thinking as a critical foundation for the respon-
sible deployment of agentic AI in healthcare.

Problem statement: the inadequacy of  
current evaluation frameworks for agentic 
healthcare AI systems

Three main stages of deployment assessment are evident 
in the current healthcare AI evaluation literature. The 
first stage focuses on technical performance evaluation, 
in which data scientists assess how effectively healthcare 
AI systems work using a set of predefined computational 
metrics. The second stage evaluates the usability and 
acceptability of AI systems by investigating whether 
physicians and patients can effectively employ health-
care AI systems within real-world clinical workflows. 
The third stage assesses whether AI systems lead to 
substantial improvements in health outcomes, through 
randomized or non-randomized studies conducted in 
real-world settings[26].

However, this evaluation paradigm frequently results 
in significant performance gaps across these stages[27], 
implying that high technical performance at early stages 
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does not always result in a reliable AI system in later 
stages for real-world scenarios. Several studies in the 
literature indicate that some AI and ML healthcare 
models that achieved high performance on internal tests 
significantly underperform in real-world cases[28–31]. For 
instance, a systematic review[28] assessing the generaliza-
bility of AI in radiology demonstrates that radiology 
AI models could underperform in real-world settings, 
even when they achieve area under the curve (AUC)  
values above 0.90 on internal datasets. The study sug-
gests that this observed underperformance is likely due 
to differences in hospital equipment and patient popu-
lations, which introduce inconsistencies across datasets.

This discrepancy underscores that current evaluation 
frameworks are insufficient, as they evaluate the per-
formance of healthcare AI systems in isolation rather 
than their functioning as part of broader healthcare 
systems[32]. These frameworks rely on static performance 
metrics and may overlook downstream system-level 
impacts in dynamic clinical environments. This is par-
ticularly important for agentic healthcare AI systems.  
The autonomy, adaptation, and feedback loops inherent  
in agentic AI can give rise to evolving system behavior 
over time, potentially generating emergent consequences 
that challenge static evaluation frameworks. Thus, current 
evaluation frameworks are likely to become critically 
insufficient when applied to agentic AI and require sub-
stantial revision.

Illustrative examples: projecting the con-
sequences of constrained evaluation for 
agentic healthcare AI systems

The following examples present forward-looking scenarios 
illustrating possible future risks associated with the 
deployment of agentic AI systems in clinical contexts.

Trade-off between patients trust and automa-
tion

Significant data collection and unclear privacy protec-
tions in agentic AI systems can raise patient concerns 
about the safety of their data. The need for personal medical 
data to generate AI-driven insights could increase the 
likelihood of breaches of patient confidentiality and the 
misuse of sensitive information, for example through 
sharing data with third-party AI providers or the need 

to link data back to identifiable individuals. As a result, 
patients may become less willing to disclose sensitive 
information and may instead decline to fully engage in 
their care. Consequently, clinicians may be forced to 
make decisions based on incomplete information provided 
by patients, which can hinder accurate diagnosis and 
effective treatment. Over time, this may lead to more 
complex cases and repeated patient visits. Therefore, 
although agentic AI systems may increase the number 
of patients seen, they risk reducing the overall quality 
of care due to diminished trust generated by autonomy.

Error magnitude in cascading autonomous 
action

Profound differences in the ethical gravity of clinical 
errors already exist within evaluation frameworks for 
AI systems. For example, a 5% false-negative rate in 
influenza screening among healthy adults carries different 
mortality implications than a 5% false-negative rate 
in detecting ventricular arrhythmias in intensive care 
patients, where missed cases in the latter scenario may 
result in a rapid progression to fatality. These disparities 
can be further amplified in autonomous contexts, as 
agentic healthcare AI systems can transform a single 
misclassification into a cascade of downstream auto-
mated actions. For instance, an incorrect diagnosis may 
also lead to automated treatment implementation and 
prescription adjustments that collectively compound the 
initial error. Therefore, evaluation metrics that are limited 
to isolated classification performance are insufficient 
to capture the cascading risks inherent in autonomous 
clinical workflows.

Population inequities amplified by adaptive 
actions

The uneven consequences of errors across distinct 
subpopulations are currently obscured by aggregate 
evaluation metrics in AI systems, making these metrics 
unrepresentative of real-world conditions. Conventional 
AI systems with similar sensitivity and specificity may 
produce different real-world health outcomes depending 
on variations in healthcare access across populations. 
In well-resourced populations, false positives may 
cause minor inconvenience and false negatives may be 
corrected through follow-up, whereas in disadvantaged 
communities, false positives can impose disproportionate  
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financial burdens and false negatives may lead to 
significant health burdens. Similarly, in an agentic 
AI system responsible for scheduling clinical visits, a  
misdiagnosis of a less privileged patient, combined 
with their inability to attend the appointment, may lead 
to reduced prioritization of future care. Furthermore, 
because of the system’s adaptive features, the missed 
visit may be interpreted as indicating reduced need for 
care, thereby further lowering the patient’s future priority. 
As illustrated above, in the adaptive environments 
enabled by agentic healthcare AI systems, existing 
inequities may be amplified over time, turning small 
statistical biases into structural inequities.

System capacity strain and accountability 
gaps

Clinical system infrastructure and staff operate under 
finite operational, temporal, and cognitive resources; 
thus, liability frameworks are established to ensure 
accountability for decisions and their consequences. An 
agentic healthcare AI system operating without these 
constraints may generate fallacious reasoning requiring 
expert-level judgment to detect, potentially overloading 
healthcare resources in the absence of clear accountability. 
For example, an agentic AI system for hospital staff 
scheduling may misestimate workload or overlook 
staff constraints. In the absence of clear accountability 
mechanisms that enable staff to raise concerns, system 
decisions may be perceived as reliable even when 
they produce harmful outcomes. Potential responses, 
such as implementing temporal auditability of system 
actions, recognize that agentic AI systems are inherently 
dynamic and therefore cannot be fully assessed through 
static evaluation frameworks alone.

Temporal feedback loops and self-reinforcing 
degradation

Agentic healthcare AI systems challenge assumptions 
about stability and independence in healthcare by 
integrating feedback loops and self-learning; however, 
these effects may only become apparent after initial 
risks emerge in real-world deployment. For example, 
an agentic antibiotic‑prescribing AI system can estimate 
resistance patterns, but once deployed, its prescribing 
decisions can recursively influence its own perceived 
validity by shaping the development of new antibiotic 

resistance, which in turn alters the effectiveness of 
subsequent recommendations. In this setting, the system 
is only informed of resistance patterns after they have 
already been shaped by its own prior actions. Therefore, 
agentic healthcare AI systems cannot rely solely on 
retrospective performance feedback after new problems 
have already been created and require prospective 
assessment of the long-term consequences of recursive 
decision-making.

Considering the points discussed above, the introduc-
tion of autonomy, adaptive execution, and feedback 
learning poses a significant risk to the generalizability 
of agentic healthcare AI systems and may lead to a loss 
of patient trust, the generation of cascading errors, the 
exacerbation of population inequities, the occupation of 
clinical resources without proper accountability, and self- 
reinforcing degradation. Consequently, evaluation met-
rics limited to snapshot assessments are insufficient to 
capture the dynamic interactions that agentic AI systems 
may exhibit across diverse clinical environments over 
time. Overall, this mismatch between static evaluation 
approaches and the adaptive, context-dependent nature 
of agentic AI systems highlights the need for continuous, 
system-aware evaluation paradigms.

Proposed solution: systems thinking as 
a solid evaluation framework for agentic 
healthcare AI systems

Systems thinking[33] is a holistic approach for studying 
complex systems that enables the mapping of interactions 
among different system components and the examination 
of how these interactions evolve over time within their 
context. Systems thinking approaches, including causal 
loop diagrams[34], system dynamics[35], agent-based mode-
ling[36], and discrete event simulation[37], can be applied to 
enable a comprehensive evaluation of complex systems 
by capturing temporal and spatial dynamics, feedback 
mechanisms, population heterogeneity, workflow pro-
cesses, resource utilization, and emergent behavior[38,39]. 
Table 1 compares these methods by outlining their pur-
pose, assumptions, core components, and implications 
for evaluating agentic AI in healthcare.

These systems thinking methodologies are well 
established in public health for a range of research 
applications, such as epidemiological modeling, health 
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systems analysis, policy evaluation, and resource 
planning[40] and can be adapted to evaluate agentic 
healthcare AI systems by facilitating comprehensive 
assessment and prospective insights into their real-world 
operation. Causal loop diagrams serve as the conceptual 
starting point by mapping causal relationships among 
system components, making reinforcing and balancing 
feedback structures explicit, and highlighting potential 
unintended consequences such as policy resistance that 
may remain invisible during the algorithmic phase. Sys-
tem dynamics simulations formalize these relationships 
into stock-and-flow structures to examine nonlinear 
feedback processes and long-term accumulative trends. 
Agent-based modeling captures emergent phenomena 
arising from interactions among heterogeneous agents, 
and the environment, representing adaptive behavior, 
nonlinear interactions, and system-level patterns that 
emerge from individual, localized rules. Finally, discrete 
event simulation examines operational-level processes 
by modelling the flow of entities through predefined 
system pathways over time, enabling the evaluation of 
clinical workflows, waiting times, and resource utiliza-
tion. Figure 1 illustrates the integrated architecture of 
these methods for assessing the efficiency of agentic 
AI systems. A hybrid configuration of these approaches  
leverages the complementary strengths of different systems 

thinking paradigms by integrating conceptual, dynamic, 
behavioral, and operational perspectives, thereby sup-
porting a more comprehensive assessment of agentic AI 
in healthcare.

Subsequently, the real-world deployment of agentic AI 
systems inevitably involves shifts in key parameters 
and assumptions across time and settings; therefore, 
performing systematic sensitivity analyses[41] on key 
parameters can provide insight into the range of possible 
outcomes under diverse conditions. These processes can 
help reduce uncertainty and identify context-dependent 
vulnerabilities.

Collectively, systems thinking evaluation frameworks 
extend beyond static evaluation paradigms by supporting 
the explanation of emergent downstream impacts. They 
enable adaptive system configurations and facilitate 
the anticipation of unintended consequences of agentic 
AI systems over time. Ongoing collaboration among 
modeling specialists, subject-matter experts, ethics 
experts, and healthcare economists remains essential to 
establish multidisciplinary review panels that can com-
prehensively assess results. These partnerships should 
be maintained through continuous monitoring of agentic 
healthcare AI systems and their real-world implications, 

Table 1: Comparison of systems thinking approaches for evaluating agentic AI in healthcare.

Causal loop  
diagrams System dynamics Agent-based  

modeling
Discrete event  

simulation

General purpose
Qualitative mapping of 

system structure and 
feedback loops.

Quantitative analysis of 
aggregate behavior and 

long-term policy impacts.

Bottom-up modeling of 
heterogeneous individuals, 
their interactions, resulting 

in emergent system 
behavior.

Modeling clinical 
workflows, resource 

utilization, and queuing.

Assumptions

Feedback loops drive 
behavior; system 

structure determines 
outcomes.

Homogeneity within groups; 
continuous flows; feedback- 

driven dynamics.

Heterogeneity; heuristic 
rules; local interactions 

lead to global emergence.

Discrete events; passive 
entities following a 

defined process flow.

Core components Variables, links, loop 
polarities (+/−).

Stocks, flows, rates, 
initial values, conversion 

constants.

Agent attributes,  
behavioral rules, 

interaction networks, 
environment features.

Process steps, resources, 
arrival rates, service 

times.

Agentic AI  
implications

Reinforcing and 
balancing feedback 

loops driven by agentic 
AI actions and human 

decision responses.

Long-term system impacts 
of agentic AI implemen-

tation on population-level 
behavior and policy 

performance.

Emergent behavior from 
interactions between 

agentic AI systems and 
heterogeneous human 

agents.

Operational impacts of 
agentic AI decisions 
on clinical processes, 

waiting times, and 
resource utilization.

Abbreviations: AI, artificial intelligence.
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enabling modification or discontinuation when predefined 
equity, safety, or performance standards are not met.

Conclusion: toward systematic evaluation of 
agentic healthcare AI systems

The evaluation of agentic AI systems in healthcare pre-
sents significant challenges and is likely to become more 
pronounced with large-scale adoption. These systems, 
with autonomous capabilities in perception, reasoning, 
action execution, and iterative learning, create additional 
evaluation demands, as current evaluation methods fail 
to account for the autonomous, action-oriented, and 
feedback-rich nature of agentic AI. These challenges 
highlight the need for a comprehensive evaluation para-
digm that moves beyond static performance metrics to 
capture downstream impacts and long-term contextual 
shifts. A systems-thinking approach offers a more robust 
framework for assessing agentic healthcare AI in 

real-world settings, as it can explicitly model population 
heterogeneity, workflow structures, resource limitations, 
feedback mechanisms, and temporal–spatial dynamics. 
Without a holistic evaluation approach, the deployment 
of agentic AI systems in healthcare could potentially 
exhibit a tendency toward provider-centered optimi-
zation, unless it is carefully balanced with ethical care 
considerations, privacy safeguards, and accountability 
mechanisms.
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