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A Study on the Accuracy Validation of LLM‘RAG-Based Models for
Automated Classification of Standard Hazard Codes in Aviation SMS
Voluntary Reports

Se Hoon Yim'

ABSTRACT

This study examined the accuracy of LLM and RAG based models for automatically
classifying hazard standard codes from unstructured Safety Management System, SMS, voluntary
safety reports. A retrospective comparative design was applied to 50 reports collected from a
university aviation training organization, using expert assigned hazard codes as ground truth.
ChatGPT 5.2 thinking, Gemini 3.1 Pro, NotebookLM, and Google Al Studio based on Gemini 3
Flash were evaluated in a multilabel classification setting with accuracy, precision, recall, and
Fl1-score. NotebookLM showed the most balanced performance, with 80.0% accuracy, 70.0%
precision, and 56.8% Fl-score, while Gemini 3.1 Pro showed the highest recall at 48.9%. These
findings suggest that LLM and RAG approaches can support initial hazard coding in SMS
practice, although expert review and refinement of the current hazard taxonomy are still
required for reliable operational use.

Key Words : Safety Management System(3-5-9FA#2A|A”l), Hazard Code Classification($Jala
Ql FEIE E5F), Large Language Model(t13 1|2 E), Retrieval-Augmented Generation(A4357%
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Table 1. Comparison of hazard taxonomy structures between attached table 8(SM-ICG) and the

Korean hazard taxonomy

Category Attached table 8(SM-ICG) Category |Attached table 8-2(Korean hazard taxonomy)
Top-level Organizational, environmental, |Identification (Not applicable)
category human, technical number PP
Airline operations &
. maintenance, airport operations, . Flight operations, airport, air traffic control,
Operation . . . . Domain . .
air navigation service providers, maintenance, ground handling, etc.
etc.
Management, Documentation,
Type Weather, Facilities, etc. Type Human, OPS, Weather, ORG, Tech
Classnflcatlon Detailed classification list Ha%argi Detailed description of the hazard
list description
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| |
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Comparison with Ground Truth ]

Prompt Input

NotebookLM Gemini Flash
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Category Bias Analysis

Fig. 1. Research design: framework for
LLM-based hazard classification
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Table 2. Prompt template used in the study

Role :

You act as an aviation safety management expert
responsible for constructing a hazard map based
on SMS safety reports.

Objective :

Identify potential safety hazards and map them
according to the official hazard taxonomy.

Tasks :
1. Extract the following fields:
- Hazard Name
- Description
- Category
- Operation
- Type
- List
2. Classify hazards according to the taxonomy
defined in Attached Table 8 and Table 8-2.
3. Present the results in a structured table format.

4. Provide expert commentary on potential safety
implications.

5. If information is missing, indicate "Insufficient
data'.
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Table 3. Accuracy comparison of LLM models
with 95% Wilson confidence intervals

Model Accuracy 95% Wilson CI
ChatGPT 5.2 .

thinking model 0.640(64.0%) | [0.501, 0.759]

Gemini 3.1 Pro 0.740(74.0%) | [0.604, 0.841]

NotebookLM Google| 0.800(80.0%) | [0.670, 0.888]

Google Al

studio(Gemini 3 0.740(74.0%) | [0.604, 0.841]

Flash)

Precision / Recall / F1 Comparison

= precision
= Recall
= F1Score

Gemini 3.1 Pro NotebookLM Gemini 3 Flash

ChatGPT 5.2
thinking

Fig. 2. Comparison of precision, recall, and
F1-scores across LLM models
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Table 5. Comparative distribution of hazard categories between human experts and LLM models

Category Human ChatGPT 5.2 Gemini 3.1 Pro NotGegg;)lléLM ?ngﬁ;;&é %23}11())
OP(operational) 73.9% 73.9% 69.4% 68.3% 47.1%
H(human) 19.3% 15.1% 20.4% 23.3% 34.3%
W(weather) 2.3% 0.8% 2.0% 3.3% 2.9%
T(technical) 2.3% 0.0% 6.1% 3.3% 10.0%
OT(other) 2.3% 0.0% 2.0% 0.0% 0.0%
OR(organizational) 0.0% 10.1% 0.0% 1.7% 5.7%
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