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Abstract

Large language model (LLM) agents are increasingly being considered for clinical decision
support, yet their deployment in noisy hospital environments raises fundamental concerns
about safety, reliability, and governance. This paper proposes a system-level framework for
uncertainty-aware LLM agents that can operate robustly under the high-variability conditions
typical of real-world clinical settings. We argue that current LLM architectures lack formal
mechanisms to quantify and communicate epistemic and aleatoric uncertainty, leading to
overconfident recommendations that may endanger patients. Drawing on principles from
probabilistic machine learning, human-in-the-loop design, and socio-technical systems theory,
we present a multi-layered architecture that integrates uncertainty estimation, deferral
protocols, and continuous monitoring. We examine structural trade-offs between autonomy
and oversight, the role of regulatory infrastructure, and the challenges of fairness across
diverse patient populations. By comparing uncertainty-aware approaches in autonomous
driving and financial risk assessment, we derive lessons for clinical deployment. The paper
further addresses sustainability implications of running large models in resource-constrained
healthcare environments and discusses policy frameworks for certification and liability. We
conclude that uncertainty-aware LLM agents, while not a panacea, represent a necessary
evolution toward trustworthy AI in medicine, provided they are embedded within robust
institutional governance structures.
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1. Introduction

The integration of large language models into clinical workflows promises to augment
diagnostic accuracy, streamline documentation, and support treatment planning [1]. However,
the deployment of these models in noisy clinical environments—characterized by incomplete
records, sensor errors, varying staff expertise, and unpredictable patient presentations—
introduces profound safety risks [2]. Traditional AI systems in medicine, such as those for
image analysis, have been validated under controlled conditions, but LLMs operate on natural
language inputs that are inherently ambiguous and context-dependent [3]. The absence of
explicit uncertainty quantification in most LLM agents leads to a dangerous illusion of
certainty: when a model outputs a recommendation without indicating its confidence,
clinicians may over-rely on that output, especially under time pressure [4]. This paper argues
that uncertainty-aware LLM agents, which can estimate and communicate their own
predictive uncertainty, are a critical requirement for safe medical decision-making in noisy
settings. We adopt a system-level perspective that encompasses not only algorithmic design



but also governance, infrastructure, deployment, and sustainability. By examining the
structural trade-offs between agent autonomy and human oversight, we propose an
architecture that balances efficiency with safety. We also consider the implications for
fairness, as uncertainty estimates may vary across demographic groups and data distributions
[5]. The paper is structured as follows. Section 2 reviews related work in uncertainty
quantification for neural networks and clinical AI. Section 3 describes the proposed system
architecture. Section 4 discusses governance and policy implications. Section 5 examines
robustness and fairness challenges. Section 6 addresses deployment and sustainability.
Section 7 presents case illustrations and cross-domain comparisons. Section 8 concludes with
future directions.

2. Background and Related Work

Uncertainty quantification has long been studied in machine learning, with early work on
Bayesian neural networks providing theoretical foundations for estimating epistemic and
aleatoric uncertainty [6]. In clinical settings, uncertainty-aware models have been applied to
medical imaging and time-series analysis, where probabilistic outputs have been shown to
improve calibration and safe decision-making [7]. The advent of large language models has
introduced new challenges: the massive parameter counts and autoregressive generation make
full Bayesian inference intractable, and most deployment pipelines rely on deterministic
sampling or simple temperature scaling [8]. Recent research has explored approaches such as
conformal prediction, Monte Carlo dropout, and ensemble methods to obtain uncertainty
estimates from LLMs [9]. However, these methods are often evaluated on benchmark tasks
rather than real clinical workflows, and their computational overhead can be prohibitive in
resource-constrained environments [10]. Furthermore, the notion of uncertainty in language
generation is not simply about probability but about semantic coherence and factual accuracy
[11]. In medical decision-making, uncertainty must be communicated to clinicians in an
interpretable manner, ideally with actionable deferral suggestions [12]. The work by Hu (2026)
highlights security enhancement methods for adversarial robustness in LLM agents for
medical tasks, underscoring the need to protect uncertainty mechanisms from manipulation
[8]. While the present paper focuses on uncertainty awareness rather than adversarial
robustness, we recognize that safe deployment requires both. Beyond technical approaches,
the socio-technical literature emphasizes that AI systems in healthcare must be embedded
within organizational routines, error reporting systems, and regulatory oversight [13]. The
“noisy clinical environment” refers not only to data noise but to the chaotic interplay of
human factors, interruptions, and resource limitations [14]. Therefore, our framework
integrates technical uncertainty quantification with governance structures that support
appropriate reliance and accountability.

3. System Architecture for Uncertainty-Aware LLM Agents

We propose a multi-layered architecture that enables an LLM agent to estimate, represent,
and act upon uncertainty in real time. The first layer is the perception and input processing
module, which handles noisy and incomplete clinical data. This module standardizes free-text
notes, lab results, and sensor feeds, and flags missing or contradictory information. The
second layer is the uncertainty estimation engine, which computes both epistemic uncertainty
(model uncertainty due to limited training data) and aleatoric uncertainty (inherent
randomness in the data). For epistemic uncertainty, we recommend an ensemble of LLMs
with different random initializations or fine-tuned on different subsets of clinical corpora,
combined with a Bayesian aggregation method. For aleatoric uncertainty, we use a calibration



module that estimates the entropy of the output distribution adjusted for input ambiguity. The
third layer is the decision policy layer, which uses the computed uncertainty estimates to
decide whether to generate a recommendation, defer to a human clinician, or request
additional information. This policy is informed by a risk threshold that can be adjusted based
on the criticality of the clinical scenario (e.g., higher thresholds for emergency interventions).
The fourth layer is the communication and interface layer, which presents the
recommendation along with a confidence interval, a qualitative description of uncertainty, and
a deferral option. This layer also logs the interaction for post-hoc analysis. The architecture is
designed to be modular so that components can be updated independently—for instance, the
uncertainty estimation engine can be replaced with a conformal prediction module as methods
mature [15]. A key structural trade-off is between the computational cost of running multiple
models and the latency requirements of clinical decision support. In noisy environments, we
argue that the cost of overconfidence is far greater than the cost of deferral; thus, uncertainty-
aware systems should be tuned to be conservative. Additionally, the system must handle
longitudinal interactions: as the same patient is monitored over time, uncertainty estimates
should incorporate previous feedback cycles to reduce epistemic uncertainty gradually [16].
This architecture aligns with the principle of “human-on-the-loop” rather than “human-in-the-
loop,” where the agent operates autonomously only within predefined uncertainty bounds, and
escalates when those bounds are exceeded.

4. Governance and Policy Implications

The deployment of uncertainty-aware LLM agents in clinical settings raises profound
governance questions. First, who is liable when an agent’s recommendation leads to patient
harm? If the agent expresses high uncertainty and the clinician overrides or ignores it, liability
may rest with the clinician. But if the agent expresses low uncertainty and is later found to be
wrong, the system designer and the deploying institution share responsibility [17]. Regulatory
bodies such as the FDA have begun to develop frameworks for AI/ML-based medical devices,
but these frameworks largely assume deterministic outputs with fixed performance metrics
[18]. Uncertainty-aware systems challenge such approaches because performance can vary
with input noise and calibration. We propose a governance model that requires continuous
post-market surveillance of uncertainty calibration across different clinical sites. Institutions
should maintain an audit trail that records every agent recommendation along with its
uncertainty estimate, the clinician’s response, and the patient outcome. This data can be used
to recalibrate the system and to identify systematic biases. Furthermore, policy must address
fairness: if an LLM agent’s uncertainty estimates are systematically higher for
underrepresented populations due to training data imbalances, then the agent may defer more
often for those patients, leading to disparate treatment [19]. Regulatory guidelines should
mandate that uncertainty calibration be evaluated across demographic subgroups and that
thresholds be adjusted to ensure equitable deferral rates. Another governance dimension is
data privacy: the uncertainty estimation engine may require access to raw patient data, raising
concerns under HIPAA and GDPR. A possible solution is to use on-device deployment or
federated uncertainty quantification, where the uncertainty computation is performed locally
without transmitting sensitive data [20]. Finally, the introduction of uncertainty-aware agents
must be accompanied by training programs for clinicians to interpret uncertainty estimates
correctly—a challenge that has been studied in the context of AI-assisted diagnosis [21].

5. Robustness and Fairness in Noisy Clinical Environments



Noisy clinical environments degrade model performance in multiple ways. Input noise can
arise from transcription errors, missing values, or ambiguous language (e.g., “chest pain” may
refer to cardiac, musculoskeletal, or gastrointestinal causes). An uncertainty-aware LLM
agent should be robust to such perturbations: the uncertainty estimation engine should detect
when input noise increases aleatoric uncertainty and respond by raising deferral rates.
However, traditional robustness metrics like adversarial accuracy do not directly translate to
clinical safety. Instead, we propose a “safe region” concept: a set of input conditions under
which the agent’s uncertainty is guaranteed to be calibrated. Outside this region, the agent
must defer. This safe region can be learned from historical data and updated as the
environment changes. Fairness implications emerge because noise is not uniformly distributed:
patients with rare diseases, those in under-resourced clinics, or those using non-standard
terminology may experience higher input noise, leading to systematically higher uncertainty
estimates and thus more deferrals. This could paradoxically reduce access to AI-assisted care
for the very populations that might benefit most. To mitigate this, the architecture should
include a fairness-aware calibration step that adjusts uncertainty thresholds for known biases
in training data. Additionally, the system should be resilient to adversarial manipulation: an
attacker could craft inputs to artificially reduce the model’s uncertainty estimate, causing the
agent to give a confident but wrong recommendation. The work by Hu (2026) on adversarial
robustness for LLM medical agents directly addresses this vulnerability, proposing security
enhancement methods that protect the uncertainty estimation pipeline from manipulation [8].
Integrating such adversarial defenses is crucial, as the clinical environment may include
malicious actors (e.g., hacking of electronic health records) or inadvertent inputs from
stressed staff. Robustness also includes temporal stability: the agent’s uncertainty estimates
should not fluctuate erratically with minor changes in input, as that would erode clinician trust.
We recommend using a smoothing filter over recent uncertainty estimates in longitudinal
monitoring.

6. Deployment and Sustainability Considerations

Deploying large language models in healthcare settings requires substantial computational
infrastructure, which may be unavailable in low-resource hospitals. Uncertainty-aware agents,
which often use ensembles or Monte Carlo methods, exacerbate computational demands. A
sustainable deployment strategy involves tiered model sizes: a small, fast model for routine
cases with low uncertainty, and a larger, more accurate model for complex cases or when
uncertainty is high. This tiered approach reduces energy consumption and latency. Moreover,
healthcare institutions can adopt federated deployment where uncertainty computations are
partially done on edge devices, with cloud fallback for high-uncertainty situations.
Sustainability also encompasses the cost of continuous monitoring and recalibration. We
argue that uncertainty-aware systems can actually reduce overall computational cost by
minimizing unnecessary full model runs: if the system detects high uncertainty early, it can
defer to a human without generating a full recommendation. Another sustainability dimension
is the carbon footprint of training and fine-tuning LLMs. While this paper focuses on
inference, we note that training uncertainty-aware models requires not just base LLM training
but also training the uncertainty estimation module. Transfer learning and parameter-efficient
fine-tuning can mitigate this. From a policy perspective, payers (insurance companies,
government health programs) need to decide whether to reimburse for AI-assisted decisions
that incorporate uncertainty. One model is to reimburse only when the agent provides a
recommendation within its safe region, with lower reimbursement for deferred cases. This
creates economic incentives for uncertainty-aware design. Finally, clinician acceptance is a



major sustainability factor: if uncertainty estimates are perceived as unhelpful or frequently
wrong, clinicians will ignore them. User studies should inform the design of uncertainty
communication—for example, using color-coded confidence bars instead of raw probabilities
[22].

7. Case Illustrations and Cross-Domain Comparisons

To ground the architecture, consider a case of sepsis prediction in an intensive care unit. An
LLM agent processes nursing notes, vital signs, and lab trends. A traditional agent might
output “sepsis likely” with high confidence even if the patient’s history is atypical. An
uncertainty-aware agent would output the same prediction but also report high epistemic
uncertainty because the training data contained few similar cases. The agent would then
suggest a consult with a senior intensivist. This deferral prevents a false positive that could
lead to unnecessary antibiotics. Over time, as similar cases are documented and feedback is
given, the epistemic uncertainty decreases for that profile. Another case: radiology report
generation. The LLM generates a descriptive report from an image. If the image quality is
poor (high aleatoric uncertainty), the agent flags regions of the report with low confidence
and prompts the radiologist to review those specific findings. Cross-domain comparisons are
illuminating. In autonomous driving, uncertainty-aware systems have been mandatory for
safety: vehicles must estimate the probability of collision and trigger emergency braking. The
automotive industry has developed formal verification methods to guarantee that uncertainty
estimates are conservative under worst-case scenarios [23]. Clinical applications can adopt
similar formal guarantees, but the complexity of medical reasoning makes full verification
infeasible. In financial risk assessment, uncertainty quantification is used to set capital
reserves; similarly, clinical systems could set “safety reserves” such as mandatory double-
checks when uncertainty exceeds a threshold. However, financial models operate on
structured data with clear loss functions, whereas clinical outcomes are multifaceted. Another
domain is legal AI, where uncertainty about case law is displayed to judges. Studies show that
presenting uncertainty can improve decision accuracy when the uncertainty is well-calibrated
[24]. These comparisons reinforce the need for interdisciplinary design that borrows safety
engineering principles while respecting the uniqueness of medicine.

8. Conclusion

Uncertainty-aware LLM agents represent a critical step toward safe and trustworthy AI in
clinical environments. This paper has presented a system-level architecture that integrates
uncertainty estimation, deferral policies, and robust governance. We have argued that
deploying LLMs without explicit uncertainty awareness is risky in noisy clinical settings,
where data quality and model applicability are variable. The proposed architecture balances
autonomy with oversight through a tiered decision policy that escalates when uncertainty
exceeds thresholds. Governance measures including continuous monitoring, demographic
fairness evaluation, and liability frameworks are essential for responsible adoption.
Sustainability concerns, particularly computational cost, can be mitigated through tiered
model deployment and energy-efficient uncertainty estimation. Cross-domain lessons from
autonomous driving and finance highlight the feasibility of uncertainty-aware systems but
also the need for clinical-specific adaptations. Future research should focus on developing
interpretable uncertainty communication methods, improving adversarial robustness as
highlighted by Hu (2026) [8], and conducting large-scale clinical trials to validate safety and
utility. Ultimately, the safe deployment of LLM agents in medicine depends not only on



algorithmic advances but on the socio-technical infrastructure that embeds them within
human decision-making processes.
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