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ABSTRACT

Near-miss analysis is essential for identifying factors contributing to human errors
and developing preventive measures. However, conventional text mining methods
primarily extract direct causes, such as “lack of attention” or “insufficient verification,”
often overlooking broader background factors embedded in work environments. This
study explores the use of Large Language Models (LLMs) to enhance factor analysis
by capturing a more comprehensive range of underlying causes. Using Llama3-
ELYZA-JP-8B, we incorporated 87 predefined background factors based on established
frameworks, including PSF lists and the m-SHEL model. The developed factor analysis
support system was applied to actual near-miss reports, and its effectiveness was
evaluated by comparing the number and diversity of extracted factors before and
after implementation. Results showed that LLM-based analysis significantly increased
factor extraction and enhanced the identification of diverse causes. Additionally,
factor aggregation and visualization improved the interpretation of trends over time.
Despite these advantages, challenges remain, particularly regarding biases in data,
factor extraction, and decision-making. Future research should focus on managing
these biases through data diversity, optimized extraction balance, and improved
transparency in analysis. By addressing these issues, a more reliable and practical
near-miss factor analysis support system can be developed, contributing to improved
workplace safety and more effective error prevention strategies.

Keywords: Near-miss analysis, Large language models, Human error prevention, Factor
extraction

INTRODUCTION

Various preventive measures against human errors are increasingly being
implemented based on information from near-miss events. However, the
process from collecting and analysing near-miss events to formulating
countermeasures requires significant effort, and the collected near-miss
incidents are not being fully utilized.

The purpose of analyzing the factors of near-miss events is to widely
collect cases that could potentially lead to incidents, analyze their causes,
and develop improvement measures to prevent incidents. By implementing
countermeasures based on the identified factors, the likelihood of errors can
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be reduced, thereby lowering the risk of accidents. To effectively prevent
future human errors, it is crucial to identify not only factors that appeared
at the time of trouble or direct causes such as “lack of attention” or
“insufficient verification,” but also broader factors that may have influenced
human errors, including those related to tasks and the working environment,
which are always present in the target operations. However, in the current
situation, most of the reported factors are attributed to the individuals’ lack of
verification or carelessness, and insufficient consideration is given to factors
that are consistently present in the work and environment.

In conventional factor analysis methods, the following two approaches
have been considered for analyzing and visualizing recorded text data:

1. Extracting and displaying keywords
2. Visualizing conceptual relationships and co-occurrences between words

The first approach includes methods such as using normalized word
frequency, applying TF-IDF to assign weights to words, and utilizing tools
like TRENDREADER. The second approach involves methods such as
using ontology, leveraging word co-occurrence information, and employing
self-organizing maps.

However, there are several challenges in using text data analysis to support
factor analysis, including:

• The quality of the presented perspectives depends on the original recorded
information.

• Bias in information due to the lack of data or context.
• Subjectivity in the selection of extracted information.

Recently, natural language processing (NLP) using AI has been applied
to the analysis of near-miss events. For example, advanced large language
models (LLMs) such as BERT (Bidirectional Encoder Representations from
Transformers) and GPT are utilized to support similarity analysis with past
cases and root cause analysis (RCA).

Therefore, this study aims to leverage Large Language Models (LLMs) to
enhance factor analysis of near-miss events. By utilizing LLMs, we enable
the extraction of multifaceted underlying factors that consistently exist in
work environments and operations, beyond the direct causes reported in
individual trouble incident reports. By simplifying the factor extraction
process with LLMs, even individuals with limited expertise in human factors
can identify less apparent causes and grasp the broader context of incidents.
This approach enhances analysts’ awareness and contributes to improving
workplace safety.

METHODOLOGY

In previous near-miss analyses, text mining has been applied to near-miss
reports to extract underlying factors included in these reports. To extract
these background factors, PSF (Performance Shaping Factor) lists have been
utilized. PSFs refer to factors that influence human behavior, and various lists
have been developed to facilitate the search and selection of relevant factors
when human errors occur.
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Table 1: Background factor.

m-SHEL 

Category
Subcategory Background Factor m-SHEL Category Subcategory Background Factor

Difficult to point out issues due to 

relationships/culture

Intergroup 

Relationships

Insufficient collaboration with other 

groups/industries

Insufficient workforce No confirmation by others

Lack of experienced/skilled workers Insufficient confirmation by others

Unclear role distribution No reporting or communication

Overly strict rules/morals Insufficient reporting or communication

No workplace education No work instructions

Insufficient workplace education Insufficient work instructions

No preparation Not proactive

Insufficient preparation Advanced age

Lack of sharing past cases Fear of failure

Inadequate corporate management 

system
Short-sighted thinking

Insufficient information Reflexive actions

Excessive information Habitual actions

Inaccurate information Lack of morals

Scattered information Lack of expertise

Non-compliance with procedures Mismatch with physical/skill conditions

Unclear procedures Physically demanding tasks

No reference materials Restricted working posture

Insufficient reference materials Difficult to memorize

Lack of understanding of overall 

process and objectives
Repetitive tasks

No checklist Monotonous tasks

Insufficient checklist High task difficulty

Insufficient equipment displays Low task difficulty

Error-prone equipment design Difficult identification

Similar equipment Difficult interpretation

Specialized equipment Difficult prediction

Lack of equipment maintenance Difficult judgment

Poor equipment layout Unfamiliar tasks

Defective equipment Familiar tasks

Performing multiple tasks in parallel
Work interruption due to non-work-

related issues

Working alone Confined space

Task interruptions Large workspace

Lack of feedback on work results Unstable work environment

Delayed feedback on work results Working at heights

Difficult to correct/intervene in tasks Excessive lighting

Strict precision requirements Insufficient lighting

High time pressure Noise

Shift work Vibration

Night work Poor layout

Early morning work Poor visibility

Overtime work Disorganized workspace

Long working hours Weather conditions

No fixed placement for tools

Insufficient workforce

Excessive workforce

Environment
Work 

Environment

Physical Burden

Mental Burden

Skills

Liveware 

(Individual)

Equipment

Environment

Task 

Characteristics

Time

Liveware 

(Other People)
Communication

Personal Traits

Management

Organizational 

Issues in Teams

Education & 

Management

Software

Information

Procedures & 

Planning

Hardware

Examples of PSF lists include the PSF list from THERP, the PSF list from
HEART, the PSF list from CREAM, and the GAP-W type PSF reference
list by Kōtai and Nagata. Based on such PSF lists, background factors of
human errors were collected, and a selection list for these factors was created.
Additionally, 14 subcategories were defined based on the m-SHEL model, and
the collected background factors were classified and organized accordingly.

By referring to these past factor frameworks and classification systems,
a total of 87 background factors were identified, which are summarized in
Table 1. In this study, these background factors were incorporated into an
LLM to facilitate factor extraction.

In this study, we decided to use Llama3-ELYZA-JP-8B, which was
developed by further training Meta’s Llama 3 model. Here, classification



16 Banno and Okada

definitions and classification examples were assigned to each of the 87
background factors. The structure of this tool is summarized in Figure 1.

Figure 1: Mechanism of the factor analysis functionality.

There are regular tasks and non-regular tasks in operations. Here, we
describe the extraction status of background factors for direct factors that
are always present in task execution and environmental conditions during
countermeasure operations (Figure 2).

Figure 2: Classification according to the routine nature of the work.

Therefore, documents should collect not only accident-specific
information but also factors that affect routine operations. By analysing
these factors, they can be utilized for safety measures and recurrence
prevention (Figure 3).
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Figure 3: Efforts in information collection.

Furthermore, since an operator’s decision-making is influenced by multiple
management factors, utilizing the analysis results of near-miss incidents
enables more efficient safety management (Figure 4).

Figure 4: Use of factor analysis for near-miss events for various types of management.

Here, the factor analysis support application developed in this study was
applied to the actual analysis work. Factor analysis was conducted for each
individual report, and the average number of extracted factors was calculated
and compared, as shown in Figure 5. The method used before implementing
the factor analysis support application involved extracting background
factors through text mining of commonly used report documents.
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Figure 5: Comparison before and after support.

From Figure 5, it can be observed that when the factor analysis support
application developed in this study was applied to actual analysis tasks, the
number of extracted factors increased. This indicates that potential factors
were identified, and the diversification of extracted factors was confirmed.

As a potential application of this system, aggregating the extracted
factors, including latent factors, from documents can further support the
factor extraction process. In practice, the extracted factors were aggregated
using the hazard prediction factor analysis support application at Railway
Company X (Figure 6). Here, the extracted background factors were ranked
in descending order of frequency of occurrence, and the top 20 were compiled
into a graph. This visualization allows for the interpretation of changes over
different periods.
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Figure 6: Top 20 occurrences of background factors in company X (FY2023, FY2022).
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DISCUSSION

Based on the analysis results from Company X, factors such as “No
confirmation by others” and “High time pressure” consistently rank among
the top risk factors. This indicates that human error is the primary risk factor,
with a strong tendency for workers to proceed with tasks based on individual
judgment. Additionally, the persistent presence of risks such as “Lack of
confirmation,” “Delay in reporting,” and “Lack of organization” highlights
the need for reinforcing safety awareness as a key challenge.

By conducting such an analysis, the findings contribute to real-world
safety activities, including the prioritization of countermeasures for high-
risk factors and the development of training programs based on frequently
occurring risk factors. Furthermore, for future utilization, sharing accident
information with other companies and analyzing risk trends can facilitate
the establishment of industry-standard safety guidelines.

The ultimate goal is to develop a factor analysis support system capable
of automatically conducting assessments based on guidelines similar to those
presented in Table 2. Therefore, Figure 6 has also been evaluated using this
table, demonstrating the feasibility of extracting and evaluating risk factors
through a structured factor analysis system.

Table 2: Reference guidelines on factor deepening.

Visualization played a critical role in supporting decision-making and
trend analysis. By ranking the frequency of extracted background factors and
presenting them in graphical form, stakeholders could quickly grasp which
factors were most prevalent and how their frequency changed over time.
This enabled more informed prioritization of countermeasures and resource
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allocation, particularly in identifying persistent risks or emerging patterns
that might otherwise remain unnoticed in raw text data.

CONCLUSION

This study explored the use of Large Language Models (LLMs) to enhance the
factor analysis of near-miss events. By leveraging LLMs, the analysis process
was improved, allowing for the extraction of not only direct causes but also
broader background factors that consistently exist in work environments and
operations.

The key findings of this research are as follows:

1. Increased Factor Extraction: The application of the factor analysis
support system resulted in a higher number of extracted factors
compared to conventional text mining methods, confirming the
identification of potential and latent factors.

2. Diversification of Extracted Factors: The system facilitated the discovery
of a wider range of background factors beyond commonly reported
direct causes, contributing to a more comprehensive understanding of
human errors.

3. Improved Factor Aggregation and Visualization: The aggregation of
extracted factors and their ranking by frequency enabled a clearer
interpretation of trends and changes over different time periods.

By integrating LLM-based analysis, even individuals with limited expertise
in human factors can effectively identify underlying causes of near-miss
events. This approach enhances analysts’ awareness and supports the
development of more effective preventive measures, ultimately improving
workplace safety.

The objective of human error countermeasures is not the elimination of
human error, but ‘to do a good job (for each person on site)’. Meaningful
human error countermeasures can only be said to be effective if the products
and services produced by each individual’s work are evaluated as valuable
by users and society. This must be a common understanding throughout
the company, and the extraction and analysis of factors in near-miss
events must not be the sole activity of the safety management department.
Human error countermeasures are support measures for on-site work. Good
countermeasures can only be developed if they are liked and relied upon by
the frontline.

We intend to implement a function that can provide specific suggestions
on what kind of guidance should be given in the target department regarding
the writing of reports, as well as a function that can provide suggestions for
modifications to safety guidance in the field, including OJT, so that we can
contribute to the development of human error prevention activities.
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