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Abstract 

Large language models (LLMs) show promise for patient-facing 
medical chatbots, but their deployment raises critical safety 
concerns. While existing evaluation frameworks focus on detecting 
factual inaccuracies (hallucinations), they often overlook a more 
insidious risk: omissions—missing critical information that patients 
cannot independently identify. We introduce MedOmitDetect, an 
automated evaluation system that assesses the completeness of 
medical AI responses by detecting clinically significant omissions 
and classifying them by potential patient harm severity (Mild, 
Moderate, Severe, Life-threatening). Built on the 
clinician-annotated MedExpert dataset & benchmark experiments, 
our system provides a two-stage pipeline for generating and 
evaluating medical LLM responses across 8 models, enabling 
systematic safety benchmarking before clinical deployment. 

Keywords: Medical AI Safety, Omission Detection, Completeness 
Evaluation, Patient-Facing LLMs, Clinical Harm Assessment 

 

 

1.​ Introduction & Motivation 
Large Language Models (LLMs) are poised to revolutionize healthcare, offering the 
promise of 24/7, accessible patient education through medical chatbots. However, 
this potential comes with a significant, high-stakes safety risk: omissions. 
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While systems are often designed to filter factual inaccuracies (hallucinations), they 
frequently overlook crucial information that is simply missing from a response. In a 
clinical context, an omission—such as failing to mention a dangerous side effect, a 
key contraindication, or a critical warning sign—can be just as dangerous as 
providing false information. Patients, who are not domain experts, cannot reliably 
detect these missing pieces, leading to potentially severe or even life-threatening 
consequences. 

MedOmitDetector directly addresses this critical vulnerability. It is an automated 
evaluation tool designed to assess the completeness of medical AI responses by 
detecting and classifying omissions based on their potential for patient harm. 

2.​ Prior work 
The need for rigorous safety evaluation in medical AI has been a central focus in 
recent research. Our work builds upon several key efforts: 

Factuality and Hallucination Detection: Early works focused on verifying the 
accuracy of information, such as the MEDHALU dataset, which evaluated various 
types of hallucinations in consumer health queries. This established the importance 
of fact-checking in clinical LLMs. 

Completeness as a Critical Safety Metric: Several benchmarks, including K-QA 
and HealthBench, introduced the concept of assessing response completeness. 
These efforts highlighted that a merely accurate answer is insufficient; a safe 
answer must also be comprehensive. HealthBench, for example, used holistic, 
rubric-based evaluation for both factuality and completeness. 

Automated Evaluation Methods: The field has moved toward automated methods, 
like MedScore, which decompose LLM responses into claims for factuality 
verification. For completeness, prior approaches have used recall metrics against 
ground-truth doctor responses or graded against a list of clinician-identified 
criteria. 

MedOmitDetector's Contribution: Our tool and the underlying MedExpert Dataset 
move beyond a general rubric-based evaluation. We introduce clinician-annotated, 
answer-specific labels for omissions, defining them by the specific clinical harm they 
could cause. This focus on severity of harm and the use of real-world patient 
questions sets a new, high-stakes benchmark for AI safety in patient-facing 
applications. 

3.​ System Description 
The MedOmitDetector is built upon the rigorous, clinician-annotated framework 
established by the MedExpert Dataset, which provides a benchmark for evaluating 
factuality and completeness in medical long-form question-answering. 

The system provides a seamless pipeline using Modal based VLLM for LLM 
function calls for generating and evaluating a medical LLM’s response: 
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The Medical AI Omission Detection System is a two-stage evaluation pipeline 
designed to assess the completeness and safety of medical AI chatbot responses. 
The system addresses a critical gap in medical AI safety: detecting clinically 
significant information omissions that could lead to patient harm.​ 

Architecture: 

Stage 1: Response Generation 

●​ Leverages Modal-hosted medical LLMs (7B-70B parameters) including 
OpenBioLLM, BioMistral, Meditron, and MedGemma 

●​ Uses vLLM for optimized inference serving 
●​ Generates responses to patient medical questions with configurable system 

prompts 

Stage 2: Omission Detection 

●​ Employs GPT-4o/GPT-4o-mini as evaluator models to analyze response 
completeness 

●​ Identifies missing critical information using structured prompting 
●​ Classifies omissions by clinical harm severity: Mild, Moderate, Severe, and 

Life-threatening​ 

Interface: 

●​ Gradio-based interactive GUI with pre-configured medical scenarios 
covering medication, prenatal care, and mental health 

●​ Real-time progressive feedback during analysis 
●​ Visual severity assessment dashboard with color-coded risk categorization 

 

Advantages 

AI Safety & Alignment 

Automated Safety Evaluation: Provides systematic, reproducible evaluation of 
medical AI outputs without requiring clinical experts for every assessment.​ 

Harm Quantification: Translates abstract model failures into concrete clinical 
impact categories, making risks interpretable for non-technical stakeholders.​ 

Multi-Model Benchmarking: Enables comparative safety analysis across 8 different 
medical LLMs, revealing which architectures and training approaches produce safer 
outputs.​ 

Clinical Relevance 

●​ Real-World Scenarios: Covers high-stakes medical situations (pregnancy 
complications, mental health crises, medication management) where 
omissions have measurable consequences.​ 
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●​ Explainable Outputs: Each detected omission includes plain-language 
explanation of what information was missing and why it matters clinically. 

●​ Severity Stratification: Four-tier classification system aligns with clinical 
risk assessment frameworks used in patient safety protocols.​ 

Key feature of the system are clinically-vetted severity levels. The detected 
omissions are not just flagged; they are categorized by their potential harm, 
reflecting the clinician-driven annotation principles of the MedExpert paper: 

●​ Mild: Minor information gaps; no immediate action required. 
●​ Moderate: Information gap that may negatively impact patient health if 

unaddressed. 
●​ Severe: Omission that could require medical intervention. 
●​ Life-threatening: Omission with the potential for serious harm without 

immediate medical attention. 

 

 

4.​ Results 
The resulting GUI shows the analysis as in Figure 1. Another video demo is 
recorded here  omission_detection_demo.mp4
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Figure 1 – Example of omission detected for the question “Is it safe to exercise 
during pregnancy? What types of exercise are recommended?” 
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5.​ Impact & Significance for AI Safety 
MedOmitDetector transforms the subjective challenge of evaluating medical advice 
into a quantifiable, automated safety metric. By benchmarking the performance of 
different LLMs against clinically-relevant omissions, the tool provides: 

A Safety-Focused Benchmark: MedExpert allows developers to rigorously compare 
and select the safest foundational models for patient-facing applications. 

Actionable Insights: The severity levels guide immediate refinement, ensuring that 
developers prioritize fixing the most clinically dangerous shortcomings first. 

A Foundation for Trust: It pushes the standard for medical LLMs beyond mere 
factual accuracy to demand essential completeness, fostering greater trust and 
reliability in AI-driven healthcare solutions. 
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7.​ References 
Due to time limitation I have added the references as link. This can be updated later 
to include a list. 

8.​ Appendix 

Code Release: The code will be made public here 
https://github.com/sonal-ssj/Omission_Detection_GUI  

Potential Drawbacks & Security considerations: 

Automation Bias Risk: Users might over-trust the omission detector's judgments 
without critical review, potentially missing nuanced medical context.​ 
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No Clinical Validation: Omission classifications are AI-generated and not validated 
by licensed medical professionals, which could lead to false positives (flagging 
non-critical omissions) or false negatives (missing actual safety issues).​ Please note 
we had discussed a few omissions detected by our system earlier on frontier models 
like Copilot and our clinician team had vetted the detections by our automatic 
detection system. 

Prompt Sensitivity: Detection quality depends heavily on the 
DETECTION_PROMPT design - poorly constructed prompts may miss 
context-dependent omissions or over-flag acceptable response variations.​ 

Cost & Latency: Each evaluation requires two expensive API calls (Modal for 
generation, OpenAI for detection), making large-scale deployment costly.  

Text only: Current scope is text-only Q&A scenarios; doesn't evaluate multimodal 
interactions, follow-up conversations, or integration with electronic health records.​ 

Privacy Risks: Queries are processed through third-party cloud services (Modal and 
OpenAI), which could expose sensitive information if users input real patient data 
despite warnings.​ In the limited time for hackathon, it was not possible to test the 
omission detector prompt on open-source LLMs, this can be easily done later and 
call to expose data to OpenAI via API can be avoided 

Future work: 

-​ Add hallucination/factulaity detector module 
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