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ABSTRACT 
Job Safety Analysis (JSA) is critical for proactively identifying workplace hazards, assessing their 
potential consequences, and implementing effective control measures. However, traditional JSA 
methods can be inefficient and prone to errors, particularly in complex industrial environments. 
This paper introduces AutoJSA, a knowledge-enhanced framework that leverages large language 
models (LLMs) to automate and optimize the JSA process. We collected 73 high-quality JSA re-
ports from a chemical engineering company and divided the JSA workflow into three key tasks: 
hazard identification, consequence identification, and control measure generation. Two ap-
proaches — fine-tuning and retrieval-augmented generation (RAG) — were employed on a base 
LLM (GLM-4-9B-Chat) to adapt it for these domain-specific tasks. Experimental results demon-
strate that both fine-tuning and RAG significantly improve task performance relative to the un-
modified model, with fine-tuning generally providing larger gains. While RAG offers the advantages 
of dynamic knowledge retrieval and simpler implementation, it yields more modest improvements 
compared to fine-tuning. Moreover, a direct combination of fine-tuning and RAG did not show 
additional benefits under the current approach. Overall, AutoJSA effectively addresses the limita-
tions of traditional JSA by increasing the accuracy and efficiency of safety analysis, laying the 
groundwork for fully automated JSA report generation. The findings underscore the potential of 
advanced artificial intelligence and natural language processing techniques to enhance workplace 
safety management in complex and rapidly evolving industrial settings. 
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1. INTRODUCTION 
In the chemical process industry, tasks such as cal-

ibrating temperature control systems, replacing seals on 
reactors, and conducting maintenance on pumps and 
compressors are essential for maintaining safe and effi-
cient operations. However, these activities can expose 
workers to hazards like electrical shock, high-tempera-
ture burns, or poisoning. Job Safety Analysis (JSA) is cru-
cial for mitigating these risks by systematically examining 
each task, identifying potential hazards, and implement-
ing effective control measures [1]. 

Heinrich is considered the first scholar to introduce 
the term Job Safety Analysis [2]. Since then, JSA has 
been widely applied in industries such as process engi-
neering, construction, and healthcare [3], with various 
guidelines available for conducting JSA [4,5]. A 

comprehensive JSA typically includes four key compo-
nents: Job Description, Hazard Identification, Conse-
quence Identification, and Control Measures Generation. 
JSA improves workplace safety by identifying and ad-
dressing potential risks before work begins, helping to 
reduce accidents and injuries [6,7], and identifying po-
tential human errors to ensure quality performance [8]. 

However, traditional JSA faces several challenges:  
it may fail to identify all potential risks, especially those 
arising from unforeseen circumstances or complex sce-
narios [9]. Additionally, it is time-consuming, particularly 
in dynamic environments [10], and there can be signifi-
cant variations in hazard identification quality, as differ-
ent individuals may have different expertise levels [11]. 

To address these challenges, researchers have ex-
plored AI methods to automate JSA. For example, one 
study integrated JSA with a modified Petri net for non-
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routine operations, which helped identify sequential 
anomalies. However, its static and semi-quantitative na-
ture limits dynamic risk simulation and the ability to ac-
count for complex interactions [12]. Another study devel-
oped a knowledge graph for automatic JSA using 
GRAKN.AI, which provided solid risk assessments, but it 
relied on pre-existing JSA documents and lacked real-
time data or natural language support [13]. Similarly, a 
third proposed an ontology-based framework combined 
with Building Information Modeling for automated JSA. 
However, it overlooks dynamic factors, such as site lay-
out changes, and requires manual rule adjustments [14]. 
While these approaches are sophisticated, they often 
suffer from limited accuracy and adaptability due to their 
reliance on expert rules, structured data, and static mod-
els, which can miss subtle or emerging risks and restrict 
cross-domain applicability.  

Large language models (LLMs), like ChatGPT and 
GPT-4 [15], present a solution by handling unstructured 
text, detecting new risks, and adapting across domains—
making them ideal for automating hazard identification 
and safety reporting. Although some studies have ex-
plored the application of LLMs for similar tasks [16-18], 
systematic evaluation of LLMs for the entire JSA process 
remains limited. 

This paper introduces AutoJSA, a knowledge-en-
hanced LLM framework using fine-tuning and retrieval-
augmented generation (RAG) techniques to improve JSA 
accuracy, efficiency, and adaptability in complex indus-
trial environments. 

2. METHODOLOGY 

2.1 Framework Overview of AutoJSA  

 
Figure 1. Framework overview of AutoJSA. 

Figure 1 illustrates the framework of this study, 
which aims to generate JSA reports using LLMs. The da-
taset consists of high-quality JSA reports for training, 
validation, and testing. 

The JSA report generation is divided into three sub-
tasks: hazard identification, consequence identification, 
and control measure generation. Each task has corre-
sponding JSA reports split into training, validation, and 
test sets. 

Fine-tuning and RAG are applied to each sub-task. 
Fine-tuning optimizes the base model for task-specific 
data, while RAG enhances information retrieval and 

output generation using a structured knowledge base. 
Both methods are evaluated through a predefined frame-
work to assess performance under different parameters. 

The best-performing parameters, selected from val-
idation results, are tested on the test set to compare the 
fine-tuned model, RAG-enhanced model, and base model. 
The evaluation will determine the effectiveness of fine-
tuning and RAG in improving JSA report generation. 

2.2 Data Description 
The data used in this study consists of 73 high-qual-

ity JSA reports obtained from a chemical engineering 
company. These reports cover various jobs and provide 
a detailed safety analysis for each step of the job. Each 
JSA report is composed of two main sections: JobInfo 
and JSA. A detailed description of the data structure can 
be found in Figure 2.  

 
Figure 2. Detailed description of JSA report. 

These reports are divided into three parts: 58 for 
training, 8 for validation, and 7 for testing. 

2.3 Task Breakdown of JSA 
AutoJSA subdivides the JSA process into three key 

tasks: Hazard Identification, Consequence identification, 
and Control Measure Generation. This division reflects 
the actual workflow followed during safety analysis, 
where each task builds upon the previous one to com-
prehensively assess and mitigate risks associated with a 
job. 

Task 1 — Hazard Identification: This task identifies 
potential hazards for each job step. The inputs include 
the job name, job content, job step name, and step de-
tails. The output is a list of hazards associated with the 
specific step. 

Task 2 — Consequence Identification: This task as-
sesses the potential consequences of each identified 
hazard. The inputs include the same information as in 
Hazard Identification, plus the specific hazard. The out-
put is a list of possible consequences. 

Task 3 — Control Measure Generation: This task 
generates control measures to mitigate the identified 
hazards. The inputs include the job name, job content, job 
step details, hazard, and consequence. The output is a 
set of control measures. 

Table 1 shows the number of samples in the training 
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set, validation set, and test set for each task. 

Table 1: Distribution of samples across training, valida-
tion, and test sets for each task. 

Task Sample Size 
Train Validation Test 

Task     
Task     
Task     

2.4 Application of LLM 
LLMs are advanced AI systems trained on extensive 

textual data to generate human-like text and perform 
tasks like text generation, translation, and question an-
swering. In this study, LLMs automate and improve the 
JSA process, aiding in hazard identification, conse-
quence identification, and control measure generation. 
Fine-tuning and RAG techniques are used to optimize the 
model for better accuracy and relevance in the JSA do-
main. 

Considering the task's complexity and resource re-
quirements, we use GLM-4-9B-Chat [19] as the base 
model. GLM-4-9B-Chat is a large language model with 
approximately 9 billion parameters, developed as part of 
the GLM-4 series by Zhipu AI. By fine-tuning and applying 
RAG, we adapt the model for JSA report generation, im-
proving its ability to identify hazards, assess conse-
quences, and suggest control measures. 

2.4.1 Fine-tuning 

 
Figure 3: A sample from the dataset used in Task 1. The 
data used in this study is in Chinese. For the convenience 
of reading, all related content here and in subsequent 
sections has been translated into English. 

Fine-tuning involves adapting a pre-trained LLM to 
a specific task or domain by continuing its training on a 
smaller, domain-specific dataset [20]. While pre-trained 
models like LLMs are trained on large, diverse datasets 
to capture general linguistic patterns, fine-tuning helps 
the model specialize in a particular domain—in this case, 
JSA. This approach improves the model’s ability to iden-
tify hazards, assess consequences, and generate control 
measures, ensuring that the outputs are relevant and ac-
curate for the specific task. 

Fine-tuning works by initializing the pre-trained 
model with knowledge from its original training, followed 
by further training on task-specific data. In addition to 
task-specific inputs (as described in Section 2.3), prompt 
engineering [21] is also employed to guide the model dur-
ing training. Figure 3 illustrates an example dataset used 
for Task 1, and similar datasets were created for Tasks 2 
and 3. The corresponding datasets can be found in the 
supplementary materials. Fine-tuning is performed by 
adjusting parameters based on the loss values from the 
training and validation sets, and the model with the low-
est validation loss is selected for testing. 

2.4.2 RAG 
RAG enhances LLMs by incorporating external re-

trieval mechanisms to provide domain-specific, up-to-
date information [22]. Unlike traditional models that rely 
solely on pre-trained knowledge, RAG retrieves relevant 
external data to improve accuracy. In the RAG framework, 
the model retrieves documents based on the input query, 
enhancing generation for more contextually appropriate 
responses, which is crucial for tasks like JSA. 

 
Figure 4. RAG framework uesd in this study. 

For this study, we augmented the model’s inputs 
with content retrieved via knowledge retrieval, as shown 
in Figures 3 and 4. For Task 1, a knowledge database was 
created by extracting 278 job steps and hazard lists. Us-
ing the BERT-base-Chinese model [23], we vectorized 
the job steps and indexed them. The model retrieves the 
k most similar job steps based on cosine similarity and 
incorporates the corresponding hazard lists into the input 
for the LLM. Similar processes were applied to Tasks 2 
and 3, with variations in the search fields and content re-
trieved, and the RAG database used in this study is 
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available in the supplementary materials. 
We evaluated different values of k to determine the 

optimal performance for each task, selecting the value 
that performed best on the validation set. 

2.4.3 Evaluation Criteria 
Model performance was assessed by measuring se-

mantic similarity between model outputs and ground 
truth. Our similarity evaluation employs a BERT-based 
semantic encoding scheme: texts are first encoded using 
the BERT-base-Chinese model (768-dimensional hidden 
states), where the [CLS] token's hidden state serves as 
sentence embeddings. After L2-normalization, we com-
pute cosine similarity through sim(𝑎𝑎,𝑏𝑏)=𝑎𝑎⊤𝑏𝑏 to quantify 
semantic similarity. 

3. RESULTS AND DISCUSSION 

3.1 Fine-tuning 
We adjusted the fine-tuning parameters based on 

the model’s loss performance on the validation set. After 
multiple rounds of experimentation, we identified a set of 
reasonable parameters that resulted in a lower validation 
loss. The specific parameters used can be found in the 
supplementary materials. Figure 5 illustrates the training 
and validation loss curves for the three tasks under these 
parameters during model training. 

 
Figure 5. Training and validation loss for three tasks. 

From the data trends, under the parameter settings 
used in this study, the training and validation losses for 
all three tasks showed a decreasing trend as the number 
of training epochs increased. This indicates that fine-tun-
ing was effective for all three tasks. However, after a cer-
tain number of epochs, the validation loss for each task 
started to increase, suggesting overfitting. Based on 
these experimental results, we selected the models cor-
responding to the epochs with the lowest validation loss 
— 5, 4, and 6 epochs for Tasks 1, 2, and 3, respectively 
— to be tested on the test set. 

3.2 RAG 
In the construction of the RAG framework, we opti-

mized the value of k for each task based on the validation 

set scores. Figure 6 shows the model's scores on the val-
idation set for the three tasks with different values of k, 
along with the time consumption per output generation. 

 
Figure 6. Model scores and time consumption vs. k. 

During the RAG framework construction, the mod-
el's performance did not exhibit a significant trend with 
varying k values. However, when looking at all three tasks, 
smaller values of k already yielded good results. This 
suggests that the LLM places more importance on the 
most similar inputs, and it is more effective at leveraging 
the most relevant knowledge to solve the problem. As the 
value of k increases, more knowledge did not result in 
improved model performance. This could be due to the 
inclusion of more low-similarity knowledge, which may 
have interfered with the model's reasoning. Additionally, 
as k increases, the input text becomes longer, leading to 
longer inference times. Based on these observations, we 
selected k=2, k=1, and k=1 for Tasks 1, 2, and 3, respec-
tively, for testing on the test set.  

3.3 Test Results 

 
Figure 7. Different model scores on the test set.  

Figure 7 shows the performance scores of the orig-
inal model, the fine-tuned model, and the RAG-enhanced 
model on the test set for the three tasks. It also includes 
the results of the fine-tuned model when further aug-
mented with RAG. 

The test results show that both the fine-tuned and 
RAG-enhanced models outperform the original model. 
However, RAG provides modest improvements, while 
fine-tuning offers more substantial gains. Fine-tuning re-
quires more computational resources and a complex 
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implementation, while RAG is simpler and allows dynamic 
updates to the knowledge base, offering flexibility. 

When we combined the fine-tuned model with RAG, 
no performance improvement was observed over fine-
tuning alone. This suggests that a more advanced inte-
gration approach, such as using a separate model to 
combine the outputs of both, may be needed to fully lev-
erage the strengths of both techniques for optimizing 
JSA report generation. 

3.4 Case Study 
Table 2 shows the results of the original, fine-tuned, 

and RAG-enhanced models for hazard identification, as 
described in Figure 3. The original model provides a 
broad list of potential hazards in wastewater plant piping 
welding, covering a wide range of risks such as gas leaks, 
fire hazards, and equipment malfunctions. While compre-
hensive, this list can be overwhelming and less relevant 
to the task, requiring users to filter key risks. 

The fine-tuned model provides a more focused out-
put, listing four primary hazards: hot work operations, 
temporary electrical risks, inadequate equipment prepa-
ration, and insufficient protective equipment. This ap-
proach improves clarity and helps users quickly identify 
critical hazards, although it may overlook secondary risks. 
The RAG-enhanced model incorporates external data-
bases, identifying five specific hazards, including non-
compliance with safety permits and improper equipment 
placement. This model offers a detailed and practical 
identification of risks, but its effectiveness depends on 
the quality of the external data used. 

In summary, the original model offers broad cover-
age but may lead to information overload. The fine-tuned 
model provides precise and efficient results, ideal for 
quick hazard identification. The RAG-enhanced model 
ensures comprehensive hazard identification with exter-
nal knowledge. A better approach may involve strategi-
cally combining fine-tuning and RAG to enhance 

accuracy and detail. 

4. CONCLUSION 
The results demonstrate that the AutoJSA frame-

work enhances the accuracy and efficiency of Job Safety 
Analysis by leveraging fine-tuning and RAG with LLMs. 
Both methods outperform the base model in hazard iden-
tification, consequence assessment, and control meas-
ure generation, with fine-tuning generally providing more 
significant improvements. The fine-tuned model pro-
duces more concise outputs, while the RAG-enhanced 
model generates more comprehensive results. 

However, the study has limitations. The current 
framework does not explicitly incorporate traditional risk 
assessment factors such as hazard severity and proba-
bility of occurrence. The dataset of 73 Chinese JSA re-
ports, while sufficient for proof of concept, may not fully 
represent the diversity of tasks in broader industrial set-
tings or different linguistic contexts. Fine-tuning, though 
effective, involves high computational cost, and combin-
ing it with RAG did not yield additional benefits, suggest-
ing potential inefficiencies in their integration. Addition-
ally, the BERT-based similarity metric used may not cap-
ture all qualitative aspects of JSA effectiveness. 

Future research directions could address current 
limitations by integrating risk assessment metrics into the 
framework, expanding the dataset to encompass diverse 
industrial scenarios across different linguistic and cultural 
contexts, exploring integration strategies for RAG and 
fine-tuning to enhance complementary benefits, and de-
veloping hybrid evaluation metrics that combine BERT-
based similarity with qualitative safety performance indi-
cators. 

AutoJSA demonstrates AI's transformative potential 
in workplace safety management by enhancing hazard 
identification, consequence Identification, and control 
measure generation. The framework paves the way 

Model Output Score 

Original model 

Incomplete isolation or incorrect operation unclear warning signs or insufficient protection 
irregular handling of work tickets improper equipment preparation risk of gas leakage fire 
or explosion caused by electric welding sparks burns from high temperature operations 
injuries from improper operation of cutting machines improper use of protective equipment 
poor on-site ventilation risk of chemical exposure noise pollution and dust pollution 

 

Fine-tuned 
model 

Hot work risk temporary electricity risk inadequate equipment preparation insufficient 
protective equipment  

RAG-enhanced 
model 

Improper handling of hot work and temporary electrical work permits incorrect placement 
of warning signs inadequate equipment preparation insufficient preparation of gas detec-
tors and protective equipment insufficient personnel training 

 

Expected 
Fire or explosion caused by hot work electric shock due to electrical equipment usage 
failure to set up warning signs leading to unauthorized entry into hazardous areas inade-
quate preparation of protective equipment resulting in injuries 

- 

Table 2: Comparison of output results. 
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toward fully automating JSA reports and ensuring safer 
operational practices in complex industries. 

DIGITAL SUPPLEMENTARY MATERIAL 
The datasets, fine-tuning parameters, and all exper-

imental results in this study can be accessed via the fol-
lowing link:  
https://cloud.tsinghua.edu.cn/d/f80c1ca00d694f7ea7f9/ 
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