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ABSTRACT: Large Language Models (LLMs), such as GPT-
4, are being increasingly adopted in clinical settings to support
tasks like diagnosis, patient communication, and medical
summarization. However, their black-box nature raises ethical
and safety concerns, particularly regarding hallucinations,
omissions, and lack of interpretability. This study aims to
evaluate the performance of LLMs in clinical tasks and propose
a transparent framework that integrates explainability and risk
assessment tools. We benchmarked LLM performance using
the RJUA-SP dataset, focusing on diagnostic reasoning,
therapy recommendation, and multi-turn dialogues. The
CREOLA framework was applied to classify hallucination and
omission likelihoods in clinical outputs, and post-hoc
explainability methods especially AMPLIFY were used to
assess their impact on model interpretability and trust. Results
show that GPT-4 achieves 63.63% accuracy in single-turn
diagnostic QA and 18.18% in therapy recommendation, with
reasoning performance peaking at 20.15% and multi-turn
dialogue completeness below 16%. CREOLA identified high-
risk errors in over 90% of outputs, underscoring the need for
human oversight. Integrating AMPLIFY improved reasoning
accuracy by nearly 10 percentage points and enhanced clinician
trust. These findings suggest that while LLMs offer valuable
clinical support, they must be paired with transparent
mechanisms to ensure safe deployment. This research
contributes a  multi-layered  framework  combining
benchmarking, risk evaluation, and explainability strategies for
responsible LLM use in high-risk healthcare domains.
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INTRODUCTION

The rapid advancement of Large Language Models (LLMs), such as GPT-4, has led to their
increasing integration into healthcare environments, where they offer promising applications for
enhancing clinical efficiency and patient outcomes. LLMs have demonstrated utility in supporting
clinical decision-making processes, interpreting patient data, and delivering real-time medical
insights. These models have been effectively deployed in diagnostic tasks, including medical
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imaging analysis and patient history synthesis, thereby streamlining the workflow of healthcare
providers (Kaur et al., 2024). Furthermore, the capability of ILLMs to process large-scale datasets
facilitates the development of personalized patient care strategies, reinforcing their relevance in
modern healthcare systems (Nava et al., 2024). LLMs also contribute to patient engagement by
powering chatbots that provide reliable medical information, which helps bridge communication
gaps between healthcare professionals and patients (Egli, 2023).

Despite their advantages, the deployment of LLILMs in clinical settings introduces a set of ethical
and safety dilemmas, primarily stemming from the opaque or black-box nature of these systems.
The lack of transparency in how decisions are generated impedes accountability and raises
concerns about potential clinical errors due to algorithmic biases or context misinterpretations
(Antoniadi et al, 2021). This opacity complicates the wvalidation of LLM outputs using
conventional evaluation frameworks, which may be insufficient to address the unique challenges
introduced by these advanced Al tools (Oettl et al., 2024).

Consequently, assessing the accuracy and efficacy of LLLM-driven clinical decisions has become an
important research focus. Studies have presented varied results, with some showing LLMs
achieving near-human performance in simulated examinations (Rosot et al., 2023), while others
emphasize the inconsistency of outcomes when applied to real-world settings (Okada et al., 2023).
These findings underscore the difficulty of establishing robust, universally accepted standards for

clinical validation that encompass both short-term performance and long-term reliability
(Lauritsen et al., 2019).

The need for interpretability is increasingly recognized as critical for the successful adoption of
LLMs in healthcare. Clinicians not only require accurate recommendations but also need to
understand the underlying reasoning of Al-driven outputs. This interpretability is foundational for
fostering trust and enhancing collaborative decision-making (Fuhrman et al., 2021). As such, there
is a growing movement advocating for the integration of Explainable Al (XAI) principles into
clinical AI development, which aligns advanced machine learning capabilities with the ethical
demands of medical practice (Hatherley et al., 2022).

Simultaneously, regulatory bodies are formulating frameworks to address the safety, ethical, and
legal aspects of Al applications in healthcare. Institutions like the U.S. Food and Drug
Administration (FDA) have introduced guidelines that highlight the importance of clinical
validation, transparency, and real-world effectiveness in Al-driven tools (Farah et al., 2024). These
regulations aim to ensure that LLLMs operate within secure and reliable boundaries when integrated
into medical workflows (Oettl et al., 2024).

However, significant research gaps remain, especially in linking explainability directly to clinical
utility. Much of the existing literature focuses on algorithmic performance metrics, often neglecting
the broader implications of how Al outputs influence clinical reasoning and decision-making. A
more holistic approach is necessary one that integrates Al-generated insights with the cognitive
processes of healthcare providers and aligns with ethical, legal, and practical standards (Falcon et
al., 2024).

In light of these developments, this study aims to construct a comprehensive framework that
addresses the dual imperatives of safety and interpretability in clinical LLM applications. By
combining performance evaluation, error classification, and explainability techniques, the
framework is designed to support transparent and trustworthy Al deployment in high-risk
healthcare scenarios. This contribution seeks to bridge the gap between technical advancement
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and clinical responsibility, ensuring that Al not only enhances care delivery but also aligns with the
principles of medical ethics and patient safety.

METHOD

This study integrates a multi-pronged methodological approach to assess and enhance
transparency in the deployment of Large Language Models (LLMs) in clinical settings. The
methodology consists of three key components: performance benchmarking using the RJUA-SP
dataset, clinical error risk evaluation through the CREOLA framework, and the integration of
explainability techniques tailored for medical NLP.

Benchmark Evaluation: RJUA-SP Dataset

The RJUA-SP benchmark is pivotal for evaluating LLLMs on a range of clinical tasks. It focuses on
performance robustness, interpretability, and generalizability across diverse healthcare scenarios,
while also prioritizing computational efficiency in clinical workflows (Reyes et al., 2020). These
attributes are critical for the practical application of Al in real-world settings, particularly where
time and decision accuracy are of essence. The benchmark encourages reproducibility and clinical
validation to ensure Al systems can provide consistent and trustworthy support in decision-making
processes (Brankovic et al., 2024). In this study, we utilize RJUA-SP to test models such as GPT-
4, GPT-3.5, and HuatuoGPT-II on diagnostic reasoning, treatment recommendation, and multi-
turn dialogue.

Clinical Risk Evaluation: CREOLA Framework

To systematically assess hallucination and omission errors in clinical text generation, we employ
the CREOLA framework. CREOLA categorizes errors by their likelithood and severity, providing
a risk matrix that helps identify critical versus minor content issues (Amann et al., 2020). This
structure is particularly useful in evaluating outputs such as medical summaries, where factual
accuracy and completeness are paramount. The method allows for fine-tuned analysis and iterative
model refinement by highlighting frequent hallucinations or content gaps, thereby guiding
retraining efforts and system calibration (Madi et al., 2024).

Explainability Techniques for Medical NLP

We incorporate several Explainable AI (XAI) methods to enhance the interpretability of LLMs in
clinical applications. Among these, SHAP (SHapley Additive exPlanations) provides detailed,
quantifiable attribution scores for model predictions. While it offers high granularity, its
computational overhead may limit real-time applicability in dynamic healthcare environments
(Shobeiri, 2024).

DeepLIFT facilitates the backpropagation of feature importance and is favored for its
computational efficiency. However, it may become less intuitive in large-scale datasets where
results are harder to interpret by clinical users (Dindorf et al., 2023). AMPLIFY, a perturbation-
based method, generates visual explanations through rational augmentation and is valued for its
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clarity. Nonetheless, its dependency on specific model architectures can limit its generalizability
(Muddamsetty et al., 2021). These limitations underscore the need for careful selection and
adaptation of XAI methods depending on clinical context and user expertise (Arun et al., 2021).

Collectively, this methodology aims to integrate performance analysis, error evaluation, and
explainability into a cohesive framework. This approach allows for a comprehensive assessment
of LLLM behavior and supports the development of safer, more transparent Al tools for healthcare
delivery.

RESULT AND DISCUSSION

LLM Clinical Performance Metrics

This section presents the performance outcomes of LLLMs across various clinical tasks. Evaluation
metrics included accuracy, sensitivity, specificity, and F1 score, aligned with standard practices for
measuring predictive reliability in healthcare contexts (Vrdoljak et al., 2024). GPT-4, among the
tested models, demonstrated the highest performance in diagnostic reasoning and multi-turn
dialogue, outperforming models like ChatGPT due to its architectural improvements and larger
training dataset (Waldock et al., 2024).

Table 1. Clinical Task Performance of LLMs

Task Type Model Diagnosis  Therapy  Reasoning Dialogue
Accuracy Accuracy Accuracy Completeness
(%) (o) (%) (%0)

Single-turn  GPT-4 63.63 18.18 - -

Medical QA

Diagnostic  GPT-4 - - 20.15 -

Reasoning

Multi-turn ~ GPT-4 - - - <16

Dialogue

Despite the improved performance, several failure patterns were noted, including
misinterpretation of complex patient histories, generation of generic responses, and hallucinated
facts. These issues are particularly prominent in cases involving rare conditions or ambiguous
queries (Yeung et al., 2023). The implications for clinical workflows are significant, as LLLMs can
support triage and preliminary assessment, but clinician oversight remains essential to mitigate
potential risks.

Error Analysis Using CREOLA

CREOLA is used to analyze hallucinations and omissions in LLM-generated clinical summaries.
It categorizes errors by likelihood and severity, providing a structured risk matrix (Moradi &
Samwald, 2021).
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Table 2. CREOLA Error Likelihood and Risk Matrix
Error Type Likelihood (%) Severity Description Risk Level
Hallucination >90 Critical misinformation Very High
Omission 10-60 Incomplete patient information Medium
Both <1 Negligible Very Low

High-risk errors were particularly prevalent in complex diagnostic summaries and cases involving
rare conditions, highlighting limitations in training data coverage. Empirical validation of
CREOLA in real-world settings further affirms its utility in clinical NLP evaluation (Dindorf et al.,
2023). Alternative frameworks also exist, emphasizing contextual accuracy and interpretability.

Post-hoc Explanation Impact

The AMPLIFY framework significantly improved reasoning performance by integrating
structured explanations within outputs. This enhancement fosters clinician understanding and
confidence in model suggestions (Moradi & Samwald, 2021).

Table 3. Impact of Explanation Methods on Accuracy

Model Method Task Type Accuracy (%)
GPT-3.5 CoT Reasoning 62.9
GPT-3.5 AMPLIFY Reasoning 72.7

Post-hoc methods like AMPLIFY provide richer, user-oriented explanations compared to intrinsic
techniques, thereby supporting diverse user needs across clinical expertise levels (Riedemann et al.,
2024). Clinician trust is closely linked to the quality and clarity of rationales, and usability depends
on the method’s ability to integrate seamlessly into clinical workflows without adding cognitive
burden.

Together, these results highlight the dual importance of performance reliability and explainability
in LLMs, underscoring the value of frameworks like CREOLA and AMPLIFY in improving the
safety and trustworthiness of Al applications in healthcare.

The integration of explainable Large Language Models (LLMs) into clinical practice presents a
transformative opportunity to enhance medical decision-making. However, this potential is only
fully realized when trust, usability, and ethical oversight are embedded within the system. One of
the primary benefits of explainable models lies in their ability to foster clinician trust. Research
consistently demonstrates that clinicians are more inclined to rely on Al-generated
recommendations when they can comprehend the rationale behind them (Markus et al., 2021).
The provision of clear, interpretable explanations enhances perceived reliability and credibility,
reducing skepticism and increasing the likelihood of clinical integration. This transparency also
empowers clinicians to critically evaluate Al outputs, reinforcing their role as decision-makers and
safeguarding patient safety.
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Explainability also bolsters clinician oversight. In high-stakes clinical settings, passive reliance on
opaque Al outputs poses considerable risks. Explainable systems encourage active engagement
from healthcare professionals, promoting a collaborative diagnostic process in which humans and
machines work synergistically (Rasheed et al., 2021). By enabling clinicians to interrogate Al
outputs, these systems support a culture of shared responsibility and vigilance, where errors can
be more readily identified and corrected before impacting patient outcomes.

Despite these benefits, significant barriers hinder the adoption of explainability tools among non-
technical users. Many existing XAl methods generate complex outputs that are difficult for
clinicians to interpret without technical training. This challenge is compounded by the time
constraints typical of clinical environments, where fast-paced workflows limit the opportunity for
in-depth analysis (Mohammad-Rahimi et al., 2023). Additionally, the lack of intuitive interfaces
further impedes usability. To overcome these barriers, explainability tools must be co-designed
with healthcare professionals, ensuring they are user-friendly and easily integrated into clinical
routines (Verma, 2019).

Institutional policies are crucial to promoting the transparent integration of Al in hospitals. Ethical
deployment requires guidelines that mandate disclosure of model capabilities, limitations, training
data sources, and potential biases (Gunning & Aha, 2019; Rasheed et al., 2021). Hospitals should
foster interdisciplinary collaboration, enabling Al developers and clinicians to co-develop systems
that prioritize clarity and clinical relevance (Arrieta et al., 2020). Training programs are also
essential for building Al literacy among staff, equipping them with the skills to interpret Al outputs
effectively while maintaining control over patient care decisions. Continuous evaluation
frameworks must be implemented to monitor real-world outcomes and inform iterative model
refinement, thereby sustaining clinical trust and improving patient safety (Singh et al., 2020).

Emerging interdisciplinary frameworks for ethical AI deployment underscore the importance of
integrating perspectives from healthcare, law, ethics, and technology. These frameworks advocate
for responsible Al practices characterized by fairness, accountability, and transparency (Bejger &
Elster, 2020). Central to this approach is the inclusion of patient and clinician feedback in model
development, ensuring tools align with clinical needs and patient values. Furthermore, robust
auditing mechanisms are recommended to continuously assess model performance and bias,
allowing for dynamic governance in the face of evolving technologies and ethical challenges
(Williams et al., 2024).

In summary, for LLMs to be safely and effectively implemented in clinical practice, transparency
must be integrated not only into the model’s design but also into its institutional governance.
Combining explainability, user-centered design, and ethical oversight provides a blueprint for
responsible Al in medicine, ensuring these powerful tools serve both practitioners and patients
equitably.
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CONCLUSION

This study has explored the potential and limitations of deploying Large .anguage Models (ILL.Ms)
such as GPT-4 within clinical environments. While these models offer promising enhancements
to diagnostic processes, clinical communication, and patient engagement, their black-box nature
introduces significant risks. Key findings from benchmark evaluations reveal that LLMs still
struggle with clinical accuracy, especially in diagnostic reasoning and therapy recommendation
tasks, with notable shortcomings in multi-turn dialogue completeness. The prevalence of
hallucinations and omissions in generated outputs further emphasizes the need for rigorous
evaluation mechanisms like the CREOLA framework.

Post-hoc explainability tools, particularly the AMPLIFY framework, demonstrate the value of
integrating interpretability into LLM outputs. These tools not only improve reasoning accuracy
but also contribute to increased clinician trust and oversight. Nonetheless, widespread adoption
remains hindered by the complexity of explanation tools and their limited integration into clinical
workflows. These challenges underscore the importance of user-centered design, intuitive
interfaces, and targeted clinician training.

The main contribution of this study lies in proposing a comprehensive, multi-layered framework
that combines benchmarking, clinical error analysis, and explainability to support transparent and
safe deployment of LLMs in healthcare. This framework bridges critical gaps between model
performance, real-world applicability, and ethical responsibility.

To ensure the responsible integration of LLMs in medicine, future research should prioritize the
development of standardized auditing mechanisms, cross-institutional validation of transparency
frameworks, and adaptive policies that reflect evolving ethical and technical challenges. Only
through this multidimensional approach can Al systems achieve meaningful, equitable, and
sustainable impact in clinical practice.
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