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A B S T R A C T

The Hazard and Operability (HAZOP) study is a widely used method for hazard identification and analysis in 
process industries. However, its preparation remains highly time-consuming and resource intensive. Recent 
advances in large language models (LLMs) offer new opportunities for automating HAZOP worksheet generation. 
Yet concerns persist regarding hallucinations associated with LLMs, low valid scenario ratios, and strong bias 
toward administrative safeguards. To address these challenges, this study presents a domain augmented LLM 
method that aims at enhancing the capability of LLMs in generating HAZOP worksheets. First, multimodal LLMs 
are employed to generate node descriptions from piping and instrumentation diagrams (P&ID) node images. 
Second, a domain-adaptive pretraining model is developed to enhance hazard-specific semantic representations. 
Third, a retrieval-augmented generation (RAG) model is conducted to ground LLMs (GPT-4o, GPT-4o-mini, and 
LlaMa 3.2) in external HAZOP-related knowledge. A total of 6120 past HAZOP records and 1140 incident reports 
were structured in JavaScript Object Notation (JSON) format, while embeddings of P&ID node descriptions and 
incident narratives were indexed using Facebook AI Similarity Search (FAISS) to enable similarity-based 
retrieval. Retrieved knowledge is combined with the P&ID node and its generated description into a role- 
based chain of thought (CoT) prompt to guide LLMs reasoning. The proposed method was evaluated on a 
reference P&ID node case and further validated on two additional nodes through an ablation study. The findings 
demonstrate that RAG-based models incorporating domain-adapted embeddings achieve higher semantic simi
larity (F1-scores > 92%) compared to 82–87% for non-grounded LLMs. The valid scenario ratio improves by 
approximately 10–18%, with RAG + GPT-4o + domain-adapted embedding + role-based CoT prompting 
achieving the highest ratio of 48.2%. In addition, deviation identification is enhanced, reaching a maximum valid 
ratio of 81.25%. Retrieval grounding further reduces the over-generation of procedural safeguards and increases 
the proportion of active and passive safeguards, producing distributions closer to the reference worksheet 
compared to non-grounded models. These findings confirm the effectiveness of domain augmented LLMs for 
supporting automated HAZOP worksheet generation.

1. Introduction

The hazard and operability (HAZOP) study is the most commonly 
used method for hazard identification and analysis in process industries 
(Wang and Gu, 2022). Its objective is to systematically investigate 
whether hazards are present, to understand how they lead to adverse 
consequences, and how these consequences could be prevented or 
mitigated through improved process design IEC (2016)). Conventional 
HAZOP analysis is conducted by multidisciplinary teams through 
collaborative review sessions. The process begins by dividing the piping 

and instrumentation diagrams (P&IDs) into process nodes, which are 
systematically analyzed to identify deviations by combining process 
parameters with guidewords. The team then investigates the causes and 
consequences of each deviation and determines appropriate safeguards 
and recommendations (F. Wang et al., 2023). This process is often 
time-consuming and resource-intensive, relies heavily on expert judg
ment, and is susceptible to inconsistency and human error (Joubert 
et al., 2021; Li and Zhao, 2025).

To address these limitations, intelligent and computer-aided HAZOP 
approaches have been developed since the 1980s (Single et al., 2019). 
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These approaches generally fall into three categories: knowledge-based 
systems, model-based approaches, and data-driven models. 
Knowledge-based systems, including expert systems, ontologies, and 
Bayesian networks (BNs), aim to formalize process safety knowledge 
through structured representations and inference mechanisms. Expert 
systems emulate human reasoning using rule-based knowledge bases, 
while ontologies model domain concepts and relationships as directed 
acyclic graphs (DAGs), and BNs represent probabilistic dependencies 
among process variables to support causal inference. Model-based ap
proaches integrate HAZOP logic with dynamic simulations and mathe
matical process models to capture system behavior under abnormal 
operating conditions. Although knowledge- and model-based methods 
have contributed to HAZOP support and semi-automation, they remain 
constrained by the difficulty of acquiring, validating, and continuously 
updating domain-specific knowledge, which is often subjective, 
labor-intensive, and time-consuming.

Recently, data-driven models, leveraging machine learning (ML), 
deep learning (DL), and natural language processing (NLP), have 
advanced HAZOP automation by learning patterns from historical 
HAZOP datasets to support safety decision-making and reduce manual 
effort (Elhosary and Moselhi, 2024). These models have been applied to 
automate specific HAZOP elements—such as predicting deviations, 
severity, likelihood, and risk levels, as well as clustering of causes and 
consequences—but they do not typically enable end-to-end generation 
of complete HAZOP worksheets. Large language models (LLMs) have 
significantly transformed natural language understanding and genera
tion, prompting growing interest in their use for process safety appli
cations (Lee et al., 2026).

LLMs have been explored for generating or supporting HAZOP 
worksheets in different areas. Lee et al. (2026) investigated whether 
LLMs (GPT-4o, GPT-4o-mini, LlaMa, and Gemini) can generate complete 
HAZOP worksheets directly from P&IDs, process description, and 
HAZOP guidelines without human intervention. While high similarity to 
a reference worksheet (above 86%) was reported, the proportion of 
semantically valid scenarios remained low (0.19–0.37), and the gener
ated safeguards were heavily biased toward procedural actions over 
passive or active protections. Moreover, the study constrained the 
models to predefined deviations adopted from the reference worksheet, 
limiting their ability to independently identify or discover deviations 
and focusing primarily on elaborating causes, consequences, and safe
guards for a fixed deviation set. Similarly, Kranz et al. (2024) proposed a 
GPT-4-based copilot that combines guideword reasoning with multi-step 
prompting to assist hazard identification in human–robot collaboration. 
However, hazards arising from human-robot interactions were barely 
recognized, primarily due to the lack of domain-specific training data. In 
addition, Mukharror et al. (2025) employed LLMs to evaluate the 
completeness of safeguard identification in HAZOP studies. Their results 
show that performance improves with iterative prompting but remains 
highly sensitive to prompt design and user expertise, while other 
worksheet elements (deviations, causes, consequences, and recommen
dations) and other performance attributes (scenario completeness, 
reliability, and validity) were not assessed.

These studies collectively confirm that LLMs can produce HAZOP- 
like structured outputs and assist safety experts. However, they also 
reveal critical limitations, including limited similarity between gener
ated and actual HAZOP worksheets, low valid scenarios ratio, halluci
nations, bias toward procedural safeguard, reliance on predefined 
deviations, strong dependency on prompt design and human oversight, 
and limited access to domain-specific data. Without explicit grounding 
in validated process safety knowledge, LLM outputs may include plau
sible but technically incorrect statements, restricting their applicability 
in safety-critical decision-making (H. Liu et al., 2025).

These limitations strongly motivate the adoption of retrieval- 
augmented generation (RAG), in which LLM outputs are grounded in 
verified external knowledge, such as historical HAZOP records and 
incident investigation reports. In a RAG pipeline, retrieval plays a 

critical role by identifying relevant context that constrains and improves 
the reliability of generation. However, retrieval effectiveness depends 
strongly on the embedding model used to represent queries and docu
ments in a shared vector space. Most widely used embedding models, 
including BERT-based encoders, are pretrained primarily on large-scale 
general-domain corpora, enabling strong performance on generic NLP 
tasks but limiting their ability to represent domain-specific process 
safety semantics (Danish and Chatterjee, 2026). Because HAZOP texts 
contain specialized terminology and risk-related expressions that may 
be underrepresented in general corpora, generic embeddings may fail to 
capture critical safety meaning, thereby reducing retrieval quality and 
weakening the accuracy of downstream HAZOP worksheet generation. 
Therefore, domain-adapted embedding models tailored to HAZOP and 
process safety texts are essential for enhancing retrieval relevance and 
improving grounded generation. For instance, Feng et al. (2021)
demonstrated that further pretraining Chinese wwm-BERT on 290 
chemical accident reports and 10 HAZOP reports improved severity 
classification based on consequence descriptions, highlighting the value 
of domain-adaptive pretraining for process safety NLP tasks.

In parallel, current AI-assisted HAZOP software tools (e.g., SALUS 
HAZOP AI) often depend on manual input of process and equipment 
descriptions, which users have reported to be cumbersome and time- 
consuming (Elhosary et al., 2024). To reduce this burden, multimodal 
LLMs, which integrate vision and language capabilities, provide a 
practical mechanism for generating structured node-level descriptions 
from P&ID node images. Such descriptions can then be used as queries to 
retrieve relevant past HAZOP knowledge, enabling RAG-based genera
tion of HAZOP worksheets grounded in domain-specific evidence.

In this context, this study proposes a RAG-based method that es
tablishes a foundation for developing HAZOP-specific generative sys
tems by integrating (i) multimodal LLM-generated P&ID node 
descriptions, (ii) a domain-adapted embedding model (HAZOP-Adapt
ed-BERT), (iii) role-based chain-of-thought (CoT) prompting for step
wise reasoning, and (iv) retrieval from a HAZOP-specific knowledge 
base. First, GPT-4o and GPT-4o-mini are used to generate process and 
equipment descriptions for P&ID nodes under multiple temperature 
settings and repeated runs to assess consistency and variability. Second, 
a BERT-based embedding model is further pretrained on HAZOP-related 
corpora using masked language modeling (MLM) to improve domain 
representation. Third, the RAG pipeline employs the domain-adapted 
embeddings and a Facebook AI Similarity Search (FAISS) index to 
retrieve relevant node descriptions, incident narratives, and their asso
ciated HAZOP records. The retrieved content is then used to guide LLM- 
based worksheet generation using GPT-4o, GPT-4o-mini, and LLaMA3.2 
VL. Fourth, role-based CoT prompting is applied to encourage structured 
reasoning through key HAZOP stages. Finally, the proposed method is 
evaluated on a reference P&ID node case by comparing grounded and 
non-grounded generation using semantic similarity metrics, scenario 
validity assessment, deviation analysis, and safeguard and recommen
dation distribution analysis. An ablation study is further conducted on 
two additional P&ID nodes to validate the method and assess the con
tributions of HAZOP-Adapted BERT and role-based CoT prompting to 
model performance.

The primary contribution of this study is to support HAZOP teams in 
generating HAZOP worksheets by systematically leveraging knowledge 
from previously analyzed projects, including P&ID nodes, associated 
HAZOP records, and incident investigation reports. Unlike prior studies 
that rely solely on standalone LLMs—often resulting in nonfactual out
puts and hallucinations—the proposed method integrates multimodal 
LLMs, a domain-adapted embedding model, RAG, and role-based CoT 
prompting to enable knowledge-grounded reasoning. This integration 
allows LLMs to access and utilize structured knowledge from node de
scriptions and incident narratives, along with their associated HAZOP 
records, thereby improving the accuracy and reliability of generated 
worksheets. The HAZOP-Adapted BERT model further enhances hazard- 
related semantic representations, enabling more effective retrieval of 
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relevant cases from the knowledge base. By embedding and retrieving 
knowledge from historical HAZOP studies, the proposed method can 
learn from previously identified hazards and mitigation measures, 
improving the quality of generated HAZOP worksheets.

The remainder of this paper is organized as follows. Section 2 re
views related work. Section 3 presents the proposed method, including 
multimodal LLM-based node description generation, HAZOP-Adapted- 
BERT, CoT prompting, and the RAG pipeline. Section 4 describes the 
data collection and preparation procedures. Section 5 reports imple
mentation details, results, and discussion. Finally, Section 6 concludes 
the paper, highlighting the contributions of this work and offering in
sights into future research directions.

2. Literature review

This section focuses on reviewing the evolution of HAZOP automa
tion and the advancements relevant to this study, including, large lan
guage models (LLMs), retrieval-augmented generation (RAG), domain- 
adaptive embedding models, and prompt engineering. It also discusses 
the current limitations of LLMs and the potential of using RAG to 
improve their accuracy in HAZOP analysis.

2.1. Evolution of HAZOP automation

The automation of HAZOP studies has been explored for more than 
three decades through a wide range of intelligent systems. Early efforts 
in the 1990s and 2000s primarily relied on rule-based expert systems, 
which encoded domain expertise into structured if–then rules to identify 
deviations, causes, and consequences, and to trace fault propagation 
patterns. Qualitative model-based reasoning approaches were devel
oped to infer abnormal system behavior using representations such as 
signed directed graphs, qualitative differential equations, Petri nets, and 
Multilevel Flow Models (MFM) (Rossing et al., 2010). Subsequently, 
quantitative model-based techniques integrated HAZOP logic with dy
namic process simulations to provide higher fidelity and more reliable 
insights under failure conditions. However, these methods typically 
require detailed plant-specific models and extensive calibration, making 
them costly and time-intensive to build and maintain (Mokhtarname 
et al., 2024).

To reduce dependence on manually constructed rule sets and engi
neering models, knowledge reuse and semantic reasoning methods have 
also been adopted. Case-based reasoning (CBR) systems retrieve similar 
historical hazard cases, while ontology-driven approaches support 
consistent representation of equipment, parameters, deviations, and 
safety knowledge. Several studies combined ontologies with CBR and 
ML to enhance reasoning and risk propagation, such as PetroHAZOP 
(Zhao et al., 2009) and KROSA (Daramola et al., 2013). Recent methods 
have leveraged knowledge graphs built from heterogeneous process data 
(e.g., P&IDs, HAZOP tables) and applied graph learning techniques such 
as graph attention mechanisms to support structured hazard reasoning 
(Li and Zhao, 2025). In addition, BNs have been introduced to model 
uncertainty and quantify probabilistic dependencies among risk factors, 
enabling inference over possible event scenarios based on evidence and 
prior knowledge (Gao and Li, 2022).

More recently, data-driven models have advanced HAZOP automa
tion by extracting patterns from historical HAZOP datasets to support 
decision-making and reduce manual effort (Elhosary and Moselhi, 
2024). Classification models have been applied to automate specific 
HAZOP elements, including severity assessment (Feng et al., 2021), 
deviation prediction (Ekramipooya et al., 2023), consequence predic
tion (Elhosary and Moselhi, 2025a), and recommendation prediction 
(Ekramipooya et al., 2024). In parallel, topic modeling techniques have 
been employed to identify latent themes in HAZOP reports and to cluster 
causes, consequences, safeguards, and recommendations. They pro
gressed from probabilistic methods, such as Latent Dirichlet Allocation 
(Wang and Gu, 2022) toward embedding-based models that better 

capture semantic similarity (Elhosary and Moselhi, 2025b, 2025c). 
Although effective for extracting reusable safety knowledge, these 
data-driven approaches typically address individual HAZOP elements 
and do not support end-to-end generation of complete HAZOP 
worksheets.

Despite the contributions of rule-based, model-based, ontology- 
driven, and data-driven approaches, these systems remain limited by 
the need for extensive human effort to define rules, construct detailed 
process models, or manually curate process variables and their re
lationships. Consequently, they often lack scalability across different 
plant configurations and may require significant time and expert 
involvement to adapt to new systems. These limitations have motivated 
growing interest in large language models (LLMs), which offer flexible 
natural language reasoning and the ability to generate structured out
puts with minimal task-specific engineering.

2.2. LLMs in HAZOP studies

LLMs represent a breakthrough in NLP and are built upon the 
transformer architecture—a neural network framework introduced by 
Vaswani et al., (2017)—that utilizes attention mechanisms to capture 
long-range dependencies and contextual relationship in text. These 
models often contain billions of parameters and are trained on vast 
corpora to capture intricate patterns in language (Kojima et al., 2022). 
Recently, there has been growing interest in applying LLMs to HAZOP 
studies for automated worksheet generation. Kranz et al. (2024) intro
duced HAZOP-GPT, a copilot designed to assist safety experts in iden
tifying hazards, causes, and consequences, and proposing mitigation 
strategies for human–robot collaboration tasks. They applied HAZOP 
guidewords from the IEC 61882 application guide and adopted a 
prompt-chaining strategy, where four sequential prompts were used, 
with each step was building on the output of the previous one. To make 
it more deterministic, reduce randomness and improve reproducibility, 
the model was applied by setting the temperature parameter to zero and 
using consistent prompt phrasing. The results show that the model can 
identify hazards affecting either the robot or the human individually; 
however, it struggles to capture hazards emerging from human–robot 
interactions. This limitation arises because GPT-4 is primarily trained on 
traditional hazard analysis descriptions and lacks sufficient exposure to 
detailed reports on hazards caused by interaction between subsystems.

Mukharror et al. (2025) used LLMs to assist in the automated eval
uation of safeguard identification completeness within HAZOP studies. 
They conducted initial training using synthesized datasets composed of 
simplified P&IDs and corresponding HAZOP worksheets. Four re
spondents with varying levels of experience (from 0 to 25 years) inter
acted with the LLM using few-shot prompting, iteratively refining 
prompts over multiple “shots”. The trained prompting strategy was 
applied to a real P&ID case. The LLM was tasked with generating HAZOP 
worksheet elements, including deviation, cause, consequence, and 
safeguards. The generated safeguards were then benchmarked against a 
reference HAZOP conducted by five senior experts. The results showed a 
positive correlation (R² = 0.8968) between respondent experience and 
model accuracy, as well as clear improvement with increasing prompt 
iterations. Using iterative prompting up to ten shots, the LLM achieved a 
safeguard completeness accuracy of 86.67%, demonstrating that 
few-shot prompt refinement can progressively improve performance. 
However, this study evaluated only safeguard completeness and did not 
assess other key HAZOP quality attributes, such as scenario complete
ness, causal correctness, consistency, or the validity of generated de
viations, and it did not specify the LLM used.

Lee et al. (2026) examined whether LLMs can autonomously 
generate complete HAZOP worksheets directly from P&IDs, process 
descriptions, and HAZOP guidelines without human intervention. Using 
a zero-shot prompting strategy, the study evaluated GPT-4o, GPT-4o-
mini, LLaMA 3.2, and Gemini 2.0 across three temperature settings (0.1, 
0.5, and 1.0), with ten repeated runs per model at each temperature. The 
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120 generated HAZOP worksheets were benchmarked against an expert 
reference using BERT-based semantic similarity metrics, valid scenario 
ratio (via principal component analysis (PCA) and K-means clustering), 
and safeguard-type distribution analysis. Although all models achieved 
high similarity to the reference worksheet (F1-scores of 86.7% for 
GPT-4o, 86.5% for GPT-4o-mini and Gemini, and 86.2% for LlaMa), the 
valid scenario ratio remained low (0.19–0.37). Furthermore, the 
generated safeguards exhibited a strong bias toward procedural controls 
over engineering (active/passive) protections, with procedural safe
guards comprising 74–81% of the outputs, compared with 65% in the 
reference worksheet. This overrepresentation of procedural measures 
indicates a tendency of LLMs to favor text-based, easily generated rec
ommendations, reflecting limited reasoning depth and weak diversity in 
mitigation strategies. Moreover, the study constrained LLMs outputs to 
the same predefined guidewords and deviations adopted in the expert 
reference application. As a result, the models are not evaluated on their 
ability to independently identify or discover deviations, but rather on 
their ability to elaborate causes, consequences, and safeguards for a 
fixed deviation set. Finally, it remains unclear whether the LLMs fol
lowed a reliable sequence of HAZOP steps when producing the work
sheets, since their internal reasoning process is not observable. 
Therefore, the authors emphasize the need for future research to adopt a 
chain-of-thought (CoT) prompting approach, guiding LLMs step-by-step 
through the HAZOP workflow to better assess their performance at each 
stage. Table 1 summarizes the application of LLMs for HAZOP auto
mation, highlighting their objectives, main findings, and limitations.

As summarized in Table 1, existing studies demonstrate the potential 
of LLMs to support automated HAZOP worksheet generation. However, 
the major gaps related to these developments are constrained deviation 
generation, hallucinations, weak safeguard diversity, and a lack of 
domain specific training data. These limitations motivate the develop
ment of domain-augmented and retrieval-grounded frameworks that 
ground outputs in verified domain knowledge and improve scenario 
validity and safety relevance.

2.3. Retrieval-augmented generation method

Despite their strong natural language generation capabilities, LLMs 
may produce factually incorrect or unsupported outputs when 
responding to queries beyond the scope of their training data (Bang 
et al., 2023). Retrieval-Augmented Generation (RAG) mitigates this by 
retrieving relevant external knowledge and incorporating it as contex
tual input for generation, thereby enhancing factual consistency (Y. 
Wang et al., 2025). Recently, RAG has been increasingly explored within 

process safety management and related domains in process industries to 
enhance the reliability of LLM-based analyses. For example, Yang et al. 
(2026) applied a RAG-based framework to offshore oil and gas safety 
management by retrieving relevant context from 1182 Bureau of Safety 
and Environmental Enforcement (BSEE) incident investigation reports 
prior to generation. Their results showed performance improvements of 
approximately 17% in precision and 11% in F1-score compared to 
LLM-only baselines for root-cause analysis. Other studies have inte
grated RAG with knowledge graphs and accident databases to support 
safety reasoning and question answering in industrial safety contexts, 
demonstrating improved factual grounding and interpretability 
compared with LLM-only approaches (J. Zhang et al., 2026; Zheng et al., 
2025). Across these studies, RAG consistently outperforms standalone 
LLMs by reducing hallucinated content and improving alignment with 
historical safety evidence. These findings indicate that RAG has strong 
potential to be extended to HAZOP studies, where retrieving validated 
HAZOP records and incident reports may substantially enhance the 
reliability, completeness, and technical correctness of automatically 
generated HAZOP worksheets.

RAG frameworks typically consist of two main components: a 
retriever, which fetches relevant documents from an external knowledge 
base, and a generator, which synthesizes responses conditioned on the 
retrieved content. Retrieval is implemented by embedding both the user 
query and the knowledge base documents into a shared vector space and 
identifying semantically similar content. In the context of HAZOP 
studies, the query is the P&ID node description, which encapsulates the 
node’s design intent, operating conditions, process flow, input and 
output streams, and connectivity. However, in large-scale industrial 
facilities—where a single plant may contain 400 or more P&ID 
nodes—manually preparing detailed process and equipment de
scriptions for each node is highly time-consuming and resource- 
intensive. Current AI-based HAZOP tools, such as SALUS HAZOP AI, 
still rely predominantly on manual entry of such descriptions (Salus 
Technical. 2023). User feedback from more than 150 industry practi
tioners indicates that this step is time consuming, cumbersome, and 
susceptible to human error (Elhosary et al., 2024). To address this 
challenge, multimodal LLMs, which integrate vision and language ca
pabilities, can be leveraged to automatically generate process and 
equipment descriptions directly from P&ID node images. These gener
ated descriptions can then serve as structured queries for RAG, enabling 
consistent retrieval of relevant safety knowledge to support downstream 
HAZOP worksheet generation.

For knowledge embedding, BERT-based encoders, among the most 
advanced transformer-based architectures, are commonly used to 

Table 1 
Summary of related studies on LLM-based HAZOP automation.

Study LLM / Method Objective Main Findings Limitations

(Kranz et al., 
2024)

GPT-4 with prompt 
chaining (4 sequential 
prompts)

Assist safety experts in 
identifying hazards in 
human–robot collaboration.

• Successfully identified robot-only and human- 
only hazards.

• Limited ability to capture interaction 
hazards.

• lack of domain-specific training data.
• No quantitative evaluation

(Mukharror 
et al., 2025)

Few-shot prompting 
with iterative 
refinement

Evaluate safeguard 
identification completeness.

• Achieved 86.67% safeguard completeness after 
10 shots.

• Positive correlation (R² = 0.8968) between 
respondent experience and model accuracy.

• Focused only on safeguards.
• Did not assess deviations, causes, 

consequences, or recommendations.
• Did not consider scenario completeness, 

causal correctness, and validity of 
generated deviations.

• LLMs not specified
(Lee et al., 

2026)
GPT-4o, GPT-4o-mini, 
LLaMA 3.2, Gemini 
(zero-shot)

Fully automate HAZOP 
worksheet generation.

• High semantic similarity (BERT F1-scores of 
86.7% for GPT-4o, 86.5% for GPT-4o-mini and 
Gemini, and 86.2% for LlaMa).

• Low valid scenario ratio (0.19–0.37)

• Constrained LLMs outputs to the same 
predefined deviations adopted manually.

• No deviation discovery.
• Strong procedural safeguard bias.
• Did not consider recommendations in 

safeguard analysis.
• Used process description generated 

manually which is time consuming in 
large scale plants.
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encode textual content into high-dimensional vector representations 
while preserving contextual semantics. In HAZOP studies, bidirectional 
encoder representation from transformer (BERT) has been widely 
adopted as a foundational knowledge representation model. For 
example, Feng et al. (2021) employed a BERT–BiLSTM–Attention ar
chitecture to predict severity levels from consequence descriptions, 
where BERT was used to encode consequence text into contextualized 
embeddings. Similarly, Ekramipooya et al. (2024) utilized BERT in 
combination with a multi-layer perceptron (MLP) to predict HAZOP 
recommendations based on causes and consequences, relying on BERT 
to transform these textual inputs into vector representations. While 
these approaches demonstrate the effectiveness of BERT-based embed
dings for downstream HAZOP-related tasks, standard BERT models are 
pretrained primarily on large-scale general-domain corpora. As a result, 
although they perform well on generic NLP tasks, they often struggle to 
adequately capture the specialized terminology, causal expressions, and 
risk-related semantics inherent to process safety texts, limiting their 
effectiveness in safety-critical applications (Danish and Chatterjee, 
2026).

Because HAZOP texts are characterized by highly specialized ter
minology, causal expressions, and risk-related semantics that are often 
underrepresented in general-domain corpora, generic embedding 
models may fail to capture critical safety meaning. This limitation can 
significantly degrade retrieval relevance in RAG frameworks and 
weaken the accuracy and reliability of HAZOP worksheet generation. 
Consequently, domain-adapted embedding models tailored to HAZOP 
and process safety texts are essential for improving semantic retrieval 
and enabling more effectively grounded generation. Feng et al. (2021)
further pretrained chinese wwm-BERT on a domain-specific corpus 
comprising 290 chemical accident investigation reports and 10 HAZOP 
reports. The domain-adaptive model achieved 88.6% precision, 88.2% 
recall, and 88.2% F1-score in predicting consequence severity from 
textual descriptions, outperforming baseline models trained on general 
corpora. These results underscore the effectiveness of domain-adaptive 
pretraining in enhancing semantic representation and improving per
formance in HAZOP studies.

For the generator component, retrieved knowledge is combined with 
the user query to construct a prompt that conditions the LLM on both the 
task query and relevant external evidence. The effectiveness of this 
generation step is strongly influenced by the prompt engineering strat
egy, which plays a critical role in guiding LLM behavior and output 
quality. Prompt engineering aims to align model responses with the user 
intent and task requirements, thereby maximizing the utility of gener
ative LLMs across diverse applications (Liu et al., 2025). Several 
prompting strategies have been developed, including zero-shot, few-
shot, role-based, and chain-of-thought (CoT) prompting. Zero-shot 
prompting requires the LLM to respond directly to a query without 
any demonstrations, while few-shot prompting provides example ques
tion–answer pairs to guide response structure and content. Role-based 
prompting explicitly instructs the model to assume the role of a 
domain expert, encouraging expert-level reasoning and terminology. 
CoT prompting further enhances performance on complex reasoning 
tasks by eliciting structured, step-by-step reasoning, enabling the model 
to decompose problems into intermediate logical steps (Wei et al., 
2022). Prior studies have shown that role-based and CoT prompting are 
particularly effective for inference-driven tasks when input data is im
plicit, leading to improved reasoning consistency and output reliability 
(Chen et al., 2025).

As RAG has not yet been applied to HAZOP studies, this research 
investigates the performance of LLMs grounded in external HAZOP 
knowledge compared to non-grounded LLMs for HAZOP worksheet 
generation. The proposed method, detailed in the following section, 
aims to support HAZOP teams during study sessions by improving the 
reliability and completeness of automatically generated HAZOP outputs.

3. Proposed method

This section describes a novel method, developed for automated 
generation of HAZOP worksheets. It consists of three main stages, per
formed sequentially. In the first, multimodal LLMs are employed to 
generate structured node descriptions directly from P&ID node images. 
In the second, a domain-adapted language model, HAZOP-Adapted 
BERT, is used to derive effective representations of hazard-related se
mantics. In the third, retrieval-augmented generation (RAG) is incor
porated to enhance the interpretability and accuracy of the LLM outputs 
by grounding them in external HAZOP knowledge and historical inci
dent reports. Role-based CoT prompting is applied to LLMs—including 
GPT-4o, GPT-4o-mini, and LLaMA 3.2 VL—to enable step-by-step 
reasoning during HAZOP worksheet generation. Fig. 1 shows the 
essential components of the proposed method.

3.1. Multimodal LLMs for P&ID node description

The first stage of the proposed method employs multimodal LLMs to 
generate P&ID node descriptions to facilitate the retrieval of similar 
nodes from the knowledge base. Multimodal LLMs—such as GPT, 
DeepSeek, Grok, and Gemini—have demonstrated strong performance 
across various domains, including hydrology and water science 
(Hosseini and Pourzangbar, 2026), urban environments (Belaroussi, 
2025), software engineering (Peng et al., 2023), and transportation 
systems. However, their application in process industries, particularly to 
highly symbolic engineering representations such as P&IDs, remains 
relatively unexplored. In this study, GPT-4o and GPT-4o-mini were 
implemented, representing recent advancements in language and vision 
capabilities, and were evaluated to assess their capability to generate 
accurate descriptions from P&ID node images.

To query these models in a consistent way, a role-based prompt was 
carefully designed, because it strongly influences LLM outputs in terms 
of relevance, depth, tone, and structure. A standardized three-part 
prompt (see Appendix A) was applied, consisting of: (i) a contextual 
view describing the P&ID and HAZOP setting, derived from actual 
HAZOP reports and literature; (ii) a role-based instruction directing the 
model to respond as a HAZOP expert and provide a structured, domain- 
specific output; and (iii) a task-specific query requesting the node’s main 
function and operating conditions, inlet and outlet streams, and process 
flow and connectivity. The prompt was iteratively refined through 
several trials until it consistently produced clear, precise, and techni
cally sound responses. The finalized prompt was then applied un
changed to all LLMs to ensure fairness and reproducibility in the 
comparative evaluation.

In addition to prompt design, the temperature parameter was used to 
control output variability and assess model consistency. Higher tem
perature values increase response diversity by sampling less probable 
tokens, whereas lower values promote more deterministic behavior 
(Peeperkorn et al., 2024). Each LLM was evaluated at three temperature 
settings (0.0, 0.2, and 0.4) to examine the impact of randomness on the 
generated descriptions. To standardize output length, the maximum 
response was capped at 512 tokens for all models. Furthermore, each 
model generated ten descriptions per temperature setting, and the 
standard deviation across runs was computed to assess consistency and 
uniformity of the generated content. The overall workflow for gener
ating and evaluating P&ID node descriptions is illustrated in Fig. 2.

Each P&ID node image, paired with the engineered prompt, is input 
into each model. The computer vision component identifies symbolic 
and spatial features, while the LLM generates the textual description of 
the node’s function, operating conditions, inlet/outlet streams, and 
process connectivity. To enable robust model evaluation, the de
scriptions generated by each model were systematically compared with 
33 benchmark node descriptions extracted from the literature using both 
quantitative and qualitative evaluation methods. Quantitative evalua
tion included BERT-based similarity metrics and cross-model similarity 
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analysis, while qualitative assessment involved manual review of the 
outputs. In addition, the results were compared with our previous study, 
which employed four multimodal models—Gemini-2.5-Flash, 
DeepSeek-VL, Qwen2-VL, and a LlaMa-based vision model—to generate 
P&ID node descriptions for computing functional similarity between 
current and past P&ID nodes.

Before computing quantitative evaluation metrics, terminology 
standardization was applied to reduce lexical variation across model 
outputs. This step was guided by the terminology used in the literature 
benchmarks, ensuring domain-consistent phrasing and minimizing in
consistencies during evaluation. Table 2 presents representative exam
ples of this preprocessing step.

After standardization, both generated and benchmark descriptions 
were encoded into contextual token embeddings using a BERT-based 
model. Unlike traditional static word embeddings, BERT produces 
context-dependent representations for each token, allowing semanti
cally equivalent expressions to be matched even when wording differs. 
BERT-based precision (PBERT), recall (RBERT), and F1-score (F1BERT) 
were computed to provide a fine-grained assessment of semantic 

New Project P&ID
Nodes Design Intent &

Operating Conditions
Input & Output

Streams
Process Flow
& Connectivity

Multimodal LLM with Prompt
P&ID Node
Description

Retrieval of similar node
descriptions & related

HAZOP records

RAG with HAZOP-Adapted BERT

Query

CoT
Prompt

Embeddings

HAZOP
Worksheets

GPT4o,
GPT4o-mini,

LlaMa3.2

HAZOP-Adapted
BERT

Similarity Computation

GPT-4o & GPT-4o-mini

Past Projects

Domain-specific
Knowledge base

FAISS

3 2

1

Generation
(LLMs)

Fig. 1. Overview of multimodal LLM-RAG workflow for HAZOP worksheet generation.

P&ID Nodes

Role-based Prompt

Benchmark Descriptions LLM Responses

Term dictionary & standardization

Checking Similarity of
LLMs’ Responses with
each other Precision, Recall, and

F1-Score metrics & SD

Processing
Multimodal LLMs

Model Performance

Practical Recommendations

Start

End

Word Embedding (BERT)

Temperatures (0, 0.2, 0.4)

10 runs at each temp.

OpenAI

GPT-4o

GPT-4o-mini

Qualitative Evaluation

- Description review

- Completeness (function, process

flow, connectivity)

- Hallucination check (equipment &

instruments & invented safeguards)Comparison with Previous Study

- Qwen2-VL
- LlaMa-VL

- Gemini-2.5-Flash
- DeepSeek-VL

Quantitative Evaluation

Fig. 2. Flowchart of the proposed method for LLM-based node description and evaluation.

Table 2 
Examples of node description terminology standardization prior to Embedding.

Before Modifications After 
Modifications

Before 
Modifications

After 
Modifications

- excessive pressure 
- high pressure 
- over- 
pressurization

Overpressure - pressure relief 
valve. 
- relief valve 
- safety relief 
valve

Pressure relief 
valve.

- Overheating 
- temperature too 
high

High 
temperature

- check valve. 
- non-return 
valve

Check valve.

- Overcooling 
- temperature too 
low

Low 
temperature

- air cooler 
- air-cooled 
exchanger

Air cooler

- operator response 
manual 
intervention 
- field operator 
action

Operator 
intervention

- Compressor 
- gas compressor 
- centrifugal 
compressor

Centrifugal 
compressor
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alignment between generated and benchmark descriptions by matching 
contextual token embeddings. 

• RBERT measures how well the content of the benchmark description is 
covered by the generated description.

• PBERT measures how well the content of the generated description is 
aligned with and supported by the benchmark description.

F1BERT is the harmonic mean of precision and recall, balancing 
coverage and relevance.(T. Zhang et al., 2019).In this study, F1BERT is 
used as the primary metric because it simultaneously accounts for both 
precision and recall, thus provides a more robust measure of overall 
semantic similarity. Low F1-score values indicate that the generated 
description diverges from the benchmark, suggesting potential halluci
nations or missing functional details. These values are computed using 
the following equations (Zhang et al., 2019) 

PBERT =
1
|x̂|

∑

x̂j∈ x̂
max
xi∈x

xT
i x̂j (1) 

RBERT =
1
|x|

∑

xi∈x
max

x̂j∈ x̂
xT

i x̂j (2) 

F1BERT =
2(PBERT ∗ RBERT)

PBERT + RBERT
(3) 

Where x represents the set of tokens in the benchmark sentence, x̂ 
represents the set of tokens in the generated sentence, and xT

i x̂j is the 
cosine similarity between individual tokens.

In addition, cross-model semantic similarity was computed to eval
uate agreement among the LLM-generated descriptions themselves. This 
analysis quantifies whether different LLMs produce consistent func
tional narratives for the same node, offering an additional reliability 
signal beyond benchmark-based evaluation. The spaCy library was used 
to compute document-level cosine similarity between model outputs 
and to visualize pairwise agreement across models.

Finally, a qualitative manual review was conducted to identify er
rors, omissions, and inconsistencies that token-level metrics may not 
fully capture. The review assessed alignment with the key aspects 
defined in the prompt—main function, operating conditions, process 
flow and connectivity, and inlet/outlet streams—and helped distinguish 
acceptable elaboration from potential hallucination. Hallucinations 
were identified when the generated content introduced equipment, in
struments, control actions, or safeguards that could not be reasonably 
inferred from the P&ID node image, or when functional relationships 
and process behaviors were inconsistent with the depicted symbols and 
connections.

3.2. HAZOP-adapted-BERT model

Although general BERT models have acquired extensive knowledge 
from broad domains and demonstrated exceptional performance on 
generic tasks, they face significant challenges in hazard perception 
capability when applied to highly specialized and safety-critical do
mains such as HAZOP studies. This limitation hinders effective repre
sentation of hazard-related semantics. Consequently, the objective of 
this stage is to develop adaptive BERT models specifically tailored for 
this domain to enhance hazard-related semantic representations. It is 
noteworthy that domain-adaptive pre-training (a process involving 
further unsupervised pre-training of a model on domain-specific 
corpora) has been proven as an effective method for infusing domain 
knowledge into pre-trained BERT models, thereby enhancing their 
performance on specialized tasks (Danish and Chatterjee, 2026). 
Developing a HAZOP-Adapted BERT model enables the model to learn 
HAZOP-related textual associations, thereby improving embeddings for 
downstream tasks such as content retrieval, similarity assessment, and 

HAZOP worksheet generation. Data preprocessing is first performed to 
build high-quality HAZOP-related chunks, followed by further pre
training using a masked language modeling (MLM) model. The results 
are evaluated against the base BERT model using cross-entropy loss and 
the perplexity index.

3.2.1. Data preprocessing
Given the specialized terminology and complex structures of HAZOP 

studies, constructing a domain-specific preprocessing pipeline is essen
tial to accurately capture deep hazard patterns and enhance downstream 
task reliability. Fig. 3 illustrates the proposed preprocessing pipeline for 
HAZOP-related text data. This pipeline ensures data quality and pre
pares the dataset for subsequent BERT pre-training. The compiled 
dataset, collected from multiple sources, was first extracted from PDF 
files and web-based resources (e.g., websites and HTML pages), in 
addition to structured files such as Excel sheets. The extracted text was 
then segmented into raw paragraphs or logical sections, and all content 
was merged into a unified corpus (e.g., in JSON format with associated 
metadata). Next, a cleaning and normalization stage was applied to 
lowercase and normalize the text, remove noise, and eliminate duplicate 
content to avoid bias in the training data. After that, the corpus was 
processed using BERT WordPiece tokenization, where the sequence 
length was defined, and long documents were split into multiple fixed- 
length chunks, while very short chunks were removed. Finally, the 
resulting preprocessed HAZOP text chunks were prepared for model 
training by splitting the dataset into 90% training and 10% testing sets.

3.2.2. MLM pretraining
HAZOP-adaptive pre-training was implemented using the Masked 

Language Modeling (MLM) task by masking portions of the input and 
training the model to recover the missing tokens from surrounding 
context. After preprocessing, the HAZOP corpus was split into 90% 
training data and 10% testing data to enable both learning and held-out 
evaluation. For MLM, 15% of tokens in each input sequence are 
randomly selected as prediction targets. Among these selected tokens, 
80% are replaced with the special [MASK] token, 10% are substituted 
with random tokens, and the remaining 10% are kept unchanged to 
improve robustness. During training, the model outputs a probability 
distribution over the vocabulary for each masked position, and the 
learning objective is to maximize the likelihood of the original (ground- 

Fig. 3. HAZOP data preprocessing pipeline.
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truth) tokens. To optimize performance, the cross-entropy loss function 
is used to measure the discrepancy between the model's predicted dis
tribution and the ground truth. Performance is then assessed on the held- 
out test split using both the MLM loss and its exponential form, the 
perplexity index, where lower perplexity indicates better domain 
adaptation and stronger predictive ability on HAZOP-specific language 
patterns. The MLM loss and perplexity are formulated as follows (Lan 
et al., 2020): 

lMLM = −
1
N
∑N

i=1
logP(ti|Ci) (4) 

Perplexity = exp(lMLM) (5) 

Where N represents the number of masked tokens; ti denotes the i -th 
masked token; and Ci indicates the context of the i-th masked token. P(ti| 
Ci) represents the predicted probability distribution produced by the 
model. The adapted pre-training model was compared to the base BERT 
model to assess its performance in predicting masked tokens, as shown 
in Fig. 4.

By employing a MLM strategy for domain-adaptive pre-training of 
the BERT model, HAZOP-related knowledge can be effectively infused 
into the pre-trained model to enhance its hazard perception capabilities. 
This process leads to the development of HAZOP-Adapted BERT, a 
specialized model designed for enhancing the embedding representation 
of the hazard-related context. The HAZOP-Adapted BERT model is used 
to enhance the embedding representation of P&ID node descriptions, 
enabling the retrieval of the most similar nodes from the vector 
knowledge base to support LLMs in generating HAZOP worksheets.

3.3. HAZOP knowledge augmented LLM

Pretrained LLMs have demonstrated strong performance across a 
wide range of general-purpose applications. However, their effective
ness in domain-specific tasks is particularly critical for practitioners 
operating in specialized fields. Although fine-tuning is commonly used 
to adapt LLMs to specific domains, acquiring sufficiently large, diverse, 
and well-annotated datasets remains a significant challenge (H. Liu 

et al., 2025). Consequently, rather than permanently modifying the 
model parameters, this study investigates the use of RAG combined with 
role-based chain-of-thought (CoT) prompt engineering to inject domain 
knowledge directly at inference time. This approach enhances the 
capability of LLMs to generate structured and technically grounded 
HAZOP worksheets.

RAG enables LLMs to access external and private corpora as a local 
knowledge base, thereby supporting more factually grounded and 
domain-specific responses (Lewis et al., 2020). Rather than relying 
solely on the LLM’s internal parameters, the RAG method retrieves 
relevant documents at query time and dynamically augments the model 
input with contextual evidence. To enable efficient and semantically 
meaningful retrieval, both P&ID node descriptions and incident narra
tives are encoded into a shared vector space using the HAZOP-Adapted 
BERT model, and similarity search is performed over a FAISS index. In 
this study, the knowledge base comprises embedded node descriptions 
and incident narratives, along with their associated HAZOP elements 
stored as metadata. Specifically, node description entries are linked to 
deviations, causes, consequences, and countermeasures, while incident 
narrative entries are associated with causes, consequences, and 
recommendations.

As illustrated in Fig. 5, the proposed RAG method comprises a multi- 
stage workflow designed to support evidence-grounded HAZOP work
sheet generation. First, historical HAZOP worksheets and Bureau of 
Safety and Environmental Enforcement (BSEE) district investigation 
reports are collected and preprocessed to extract P&ID node de
scriptions, incident narratives, and their associated HAZOP elements. 
Second, the extracted text is cleaned and segmented into smaller, con
textually meaningful chunks to facilitate efficient indexing and retrieval. 
Third, all processed text chunks are encoded into high-dimensional 
vector representations using the proposed HAZOP-Adapted BERT 
model. Fourth, the resulting embeddings are indexed using a dense 
vector database (FAISS), enabling fast similarity search, while the cor
responding HAZOP elements are stored as structured metadata linked to 
each embedding. Fifth, for a new P&ID node, its generated description is 
embedded using the same HAZOP-Adapted BERT model and used as a 
query to retrieve the top-k most relevant node descriptions and incident 
narratives, along with their associated elements from the knowledge 

[flow] [control] [valve] [malfunctions] [increase] [MASK] [of] [fluid] [entering][CLS]

Input Embedding Construction

MLM Prediction(FFNN + Softmax) Predict [MASK] (temperature)

[in] [vessel]

Flow Control Valve malfunctions increase temperature of fluid entering in vessel

Input Embedding
Construction

Position Embeddings
(768-dim)
Segment Embeddings
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Token Embeddings
(768-dim)

Evaluation ofHAZOP-Adapted BERT
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loss and perplexity

Compare the proposed model
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[SEP]
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E[SEP]
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E511
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Fig. 4. HAZOP-adaptive pretraining using MLM.
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base.
Finally, the retrieved contextual evidence is combined with a struc

tured role-based chain-of-thought (CoT) prompt to guide the LLM during 
generation. This prompt encourages the model to (i) leverage past node 
descriptions, incident knowledge, and their associated elements to 
improve reasoning accuracy and domain relevance; and (ii) systemati
cally identify deviations from design intent, along with their potential 
causes, consequences, existing safeguards, and recommended risk- 
mitigation measures. In general, prompts play a critical role in guiding 
LLMs toward the task being investigated. The structure, tone, and level 
of detail of a prompt directly influence the formality, depth, and orga
nization of the generated outputs. In safety-critical applications such as 
HAZOP studies, carefully designed prompts are therefore essential to 
ensure systematic reasoning, technical relevance, and consistency across 
the generated results. In this study, a standardized prompt structure was 
developed to support automated HAZOP worksheet generation and was 
applied uniformly across all models and runs. The prompt combines: (i) 
a role-based instruction, (ii) a controlled chain-of-thought (CoT) 
reasoning directive, and (iii) retrieval-augmented contextual grounding. 
Specifically, the role-based instruction directs the LLM to act as a senior 
HAZOP facilitator, thereby encouraging the use of domain-appropriate 
terminology and structured analytical reasoning. The CoT component 
explicitly instructs the model to reason internally in a step-by-step 
manner by analyzing the P&ID node image, identifying the design 
intent, systematically applying standard HAZOP guidewords, and eval
uating each resulting deviation in terms of causes, consequences, safe
guards, and recommendations, while suppressing the disclosure of 
intermediate reasoning steps in the final output.

To reduce hallucination and improve traceability, the prompt further 
constrains the model to rely only on information inferred from the P&ID 
node image, the generated node description, and the retrieved evidence 
pack, while prohibiting the invention of unsupported equipment, in
struments, or safeguards. This uniform prompt structure was iteratively 
refined through preliminary trials and then fixed for all experiments to 
minimize prompt-induced bias and ensure a controlled evaluation of 
model performance. An example of this prompt is provided in Appendix 
B.1. To assess consistency and robustness, each LLM generates the 
HAZOP worksheet across 10 runs at three temperature settings (0.1, 0.2, 
and 0.4), and the generated results are subsequently evaluated against 
the corresponding expert-validated HAZOP worksheet. Unlike node 
description generation, which includes a temperature setting of 0.0, a 
value of 0.1 was used for HAZOP worksheet generation to allow a small 
degree of variability in reasoning, rather than enforcing fully 

deterministic outputs. This choice provides the models with limited 
flexibility to better analyze the node image, description, and retrieved 
content, thereby enabling the identification of potential deviations, 
causes, consequences, as well as appropriate safeguards and recom
mendations for mitigation. This workflow demonstrates how dense 
retrieval, domain-adapted embeddings, role-based CoT prompting, and 
generative inference are integrated into a unified method for automated 
HAZOP worksheet generation.

In this study, three state-of-the-art LLMs—GPT-4o, GPT-4o-mini, and 
LlaMa 3.2—are augmented using the proposed RAG method with past 
HAZOP worksheets and incident investigation reports to enhance their 
capabilities in generating HAZOP worksheets for new projects. These 
models, which represent recent advances in language and multimodal 
reasoning capabilities, are evaluated to investigate the feasibility of 
automating the HAZOP process.

3.4. HAZOP-augmented LLM evaluation

The proposed HAZOP-knowledge-augmented LLMs are evaluated 
against baseline LLMs operating without external knowledge in gener
ating HAZOP worksheets. The evaluation comprises two complementary 
components: model-based similarity assessment and HAZOP-based 
assessment. Following the evaluation measures used by Lee et al. 
(2026), textual similarity, the number of generated scenarios, the valid 
scenario ratio, and safeguard analysis are used to evaluate model per
formance. The same evaluation measures are applied to both the 
augmented and baseline LLMs in this study. In addition, the generated 
deviations are explicitly compared against the reference deviations 
identified in the real HAZOP worksheet, and the generated recommen
dations are further analyzed alongside the generated safeguards to 
assess their relevance and consistency.

The 180 generated HAZOP worksheets, comprising 90 generated by 
RAG-based models and 90 by baseline LLMs, follow a consistent tabular 
structure consisting of guideword, parameter, deviation, possible cau
ses, possible consequence, existing safeguards, and recommendations. 
However, as the worksheets are expressed in natural language, they 
cannot be directly analyzed using numerical methods. Therefore, the 
text is first preprocessed and then transformed into numerical repre
sentations using word embedding techniques. Given the diversity and 
ambiguity in HAZOP documentation, terminology standardization is 
performed prior to embedding. Specifically, synonyms and variant ex
pressions across worksheets are replaced with standardized terms based 
on the reference worksheet, thereby ensuring uniformity and 

6,120 HAZOP Notes
1,140 Incident ReportsEmbeddings
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User Query LLMs
Embeddings
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DescriptionStart GPT4o,

GPT4o-mini,
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HAZOP-
Adapt BERT
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Removing unnecessary

metadata
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Splitting data into chunks
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HAZOP-
Adapt BERT

BSEE Narratives
Node Descriptions &

Associated HAZOP Notes
Retrieved Content
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Fig. 5. Workflow of the RAG method to generate HAZOP worksheets.
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minimizing inconsistencies during evaluation. Table 3 lists representa
tive examples of this preprocessing procedure for the selected case 
study.

3.4.1. Model-based similarity assessment
Model performance is evaluated based on the semantic similarity 

between the generated and reference HAZOP worksheets, providing an 
overall indication of each LLM’s effectiveness. Following terminology 
standardization, a three-step process is adopted: (1) row-level embed
ding using HAZOP-Adapted BERT; (2) contextual row alignment; and 
(3) similarity measurement between aligned contents. These steps are 
illustrated in Fig. 6.

Row alignment is performed to match semantically equivalent rows 
between the reference and generated worksheets. This step is necessary 
because generated outputs may present the same content in a different 
row order. Therefore, semantic similarity is used to identify the most 
appropriate correspondence between rows. First, each row in both the 
reference and generated worksheets is embedded using the HAZOP- 
Adapted BERT model to obtain high-dimensional semantic representa
tions (768 dimensions). The semantic similarity between rows is then 
computed using cosine similarity (Lahitani et al., 2016), defined as: 

Cosine similarity =
1 + cos(ri, gj)

2
(6) 

cos
(

ri, gj

)
=

∑n
k=1ri,kgi,k

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑n
k=1r2

i, k

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑n
k=1g2

j, k

√ (7) 

Where ri denotes the embedding of the i-th reference row, and gj denote 
the embedding of the j-th generated row. The variable n represents the 
embedding dimension, while ri, k and gj, k represent the k-th compo
nents of the corresponding embedding vectors. The normalization term 
ensures that the similarity measure is independent of vector magnitude. 
The cosine similarity is rescaled to the range [0,1] for interpretability. 
For each reference row ri, similarity scores are computed against all 
generated rows. The generated row exhibiting the highest similarity 
score is selected as the best semantic match: 

g∗ = argmaxSim (ri, gj) (8) 

Where g∗ is the generated row with the highest similarity to the refer
ence row ri. This alignment rule ensures that each reference row is 
paired with the most semantically equivalent generated row, regardless 
of differences in row ordering or phrasing.

Following the row alignment step, BERT-based precision, recall, and 
F1 metrics are computed as defined in Eqs. (1), (2), and (3). These 
metrics have been widely validated against human references across 

various domains (Bui et al., 2025; Tikayat Ray et al., 2023). They pro
vide a fine-grained evaluation by comparing individual tokens between 
the reference and generated worksheets. The BERT F1 Score is adopted 
as the primary evaluation metric, as it integrates both precision and 
recall and provides a robust measure of overall semantic similarity.

In addition, a paired t-test is conducted to compare the F1-scores on a 
run-by-run basis between the RAG-augmented models and their corre
sponding baseline models, to verify that the observed performance im
provements are attributable to the incorporation of external knowledge 
rather than random variation. The test produces a p-value, which rep
resents the probability that the observed difference between the two 
models could occur by chance under the null hypothesis of no true 
performance difference. A lower p-value indicates stronger evidence 
against the null hypothesis, suggesting that the observed improvement is 
unlikely to be due to randomness.

3.4.2. HAZOP-based assessment
HAZOP-based performance is evaluated based on three core objec

tives: (1) scenario identification, (2) deviation analysis, and (3) assess
ment of generated safeguards and recommendations.

3.4.2.1. Scenario analysis. This metric evaluates the ability of both 
augmented and baseline LLMs to generate potential HAZOP scenarios. 
Consistent with the evaluation framework proposed by Lee et al. (2026), 
scenario analysis is measured using two indicators: the total number of 
generated scenarios and the valid scenario ratio. In addition, a com
plementary manual evaluation is conducted to further validate the 
scenario ratio.

The total number of scenarios represents the volume of HAZOP 
scenarios generated across 30 repeated runs at three temperature set
tings for each model using a consistent role-based CoT prompt. This 
indicator captures the model’s capacity to generate diverse scenarios, 
including deviations, causes, and consequences, thereby reflecting its 
generative comprehensiveness.

The valid scenario ratio evaluates the semantic alignment between 
generated and reference HAZOP scenarios. Following the methodology 
adopted in prior work, scenario embeddings generated using the 
HAZOP-Adapted BERT model are first reduced in dimensionality using 
Principal Component Analysis (PCA) and subsequently clustered using 
the K-means algorithm. The cluster containing the majority of reference 
scenarios is identified, and the proportion of generated scenarios within 
this cluster relative to the total number of generated scenarios is 
computed as the valid scenario ratio. This metric quantifies the extent to 
which model outputs are semantically consistent with expert HAZOP 
analyses.

K-means clustering is applied to the PCA-reduced embeddings to 
uncover latent semantic groupings. As an unsupervised machine 
learning algorithm, K-means partitions unlabeled data into K clusters by 
minimizing intra-cluster variance using Euclidean distance (Wagstaff 
et al., 2001). The clustering objective is defined by the within-cluster 
sum of squares (WCSS) (G. Liu et al., 2021). Although increasing k 
generally reduces WCSS, large values may lead to overfitting and frag
mented clusters. Therefore, the elbow method is employed to identify 
the optimal number of clusters for each model. This method locates the 
point at which additional clusters yield diminishing returns in reducing 
WCSS (Bholowalia and Kumar, 2014).

To further validate the reliability of the clustering-based valid sce
nario ratio, a complementary manual evaluation is conducted by 
randomly selecting a set of generated worksheets for each model and 
comparing the generated scenarios against the reference scenarios.

3.4.2.2. Deviation analysis. Deviation analysis focuses on evaluating the 
accuracy and completeness of model-generated deviations, as models 
were allowed to freely explore potential hazards associated with the 
investigated P&ID node. It examines the ability of both augmented and 

Table 3 
Examples of HAZOP terminology standardization prior to Embedding.

Before 
Modifications

After 
Modifications

Before 
Modifications

After 
Modifications

More water level in 
V- 106 
High level

high level Pipeline Blockage 
Blockage in the 
pipeline 
Blockage in the line 
to crude oil pipeline

blockage in 
pipeline.

Less Water Level in 
V-106 
Low level

low level Increased Crude oil 
pressure. 
Overpressure

Overpressure.

More Pressure in the 
discharge of P- 
102 
High pressure:

high pressure Pipeline failure due 
to corrosion. 
piping failure

piping failure

Less flow from LV- 
102 to V-106 
Low Flow 
Less Flow

less flow
Overfilling 
Excessive water 
supply

overfilling
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baseline LLMs to accurately reproduce expert-validated deviations 
across 30 repeated runs and varying temperature settings for each 
model. Four indicators are employed: (1) the number of unique de
viations, (2) the number of correct deviations, (3) the valid deviation 
ratio, and (4) model efficiency.

The number of unique deviations represents the distinct deviations 
generated after removing duplicate entries. The number of correct de
viations corresponds to those that match the deviations identified in the 
reference HAZOP worksheet after terminology normalization. The valid 
deviation ratio is defined as the proportion of correct deviations relative 
to the total number of deviations in the reference worksheet, providing a 
normalized measure of deviation accuracy. Model efficiency is defined 
as the proportion of correct deviations relative to the total number of 
unique generated deviations, reflecting how effectively the model con
verts generated deviation diversity into accurate, expert-aligned 
outputs.

This analysis is conducted using exact string matching. Following 
terminology standardization and normalization, deviations are repre
sented as unique sets for each worksheet after removing duplications. 
Correct deviations are identified by computing the intersection between 
each generated deviation set and the reference deviation set using exact 
string matching. This procedure enables consistent and transparent 
identification of correctly generated deviations while minimizing am
biguity caused by linguistic variability.

3.4.2.3. Safeguards and Recommendations distribution analysis. Beyond 
scenarios and deviation analyses, a fundamental objective of HAZOP is 
to define appropriate safeguards and recommendations to effectively 
mitigate risks to personnel, equipment, the environment, and sur
rounding communities (Almousa et al., 2025; Park and Pasman, 2018). 
Building on the classification framework proposed by Lee et al. (2026), 
which focused primarily on safeguards, this study extends the analysis to 
evaluate the quality, diversity, and practical relevance of both safe
guards and recommendations generated by RAG-based and baseline 
models.

Safeguards are generally categorized into three primary groups: 
inherently safer design and passive safeguards, active safeguards, and 
procedural safeguards (CCPS, 1998; Lee et al., 2026). Inherently safer 
design and passive safeguards aim to eliminate or reduce hazards at the 
source through design-oriented measures, such as minimization, sub
stitution, moderation, and simplification, as well as physical protection 

elements that operate without human intervention (e.g., rupture disks 
and containment systems). Active safeguards involve automated detec
tion and response mechanisms, including sensors, alarms, control 
valves, interlocks, and emergency shutdown systems, which rely on 
instrumentation and control logic. Procedural safeguards consist of 
administrative and organizational controls, such as standard operating 
procedures, operator training, inspection routines, and communication 
protocols, and are generally more vulnerable to human error.

Each generated safeguard and recommendation is assigned to its 
corresponding category to facilitate systematic comparison across 
models. Passive safeguards in this study include equipment installation 
and design modifications (e.g., non-return valves), while active safe
guards comprise instrumentation upgrades, pressure relief devices, 
alarm and warning systems, and emergency interlocks. Procedural 
safeguards encompass monitoring practices, labeling, maintenance and 
inspection activities, operational verification, and personnel training. 
This classification enables both qualitative and quantitative analyses of 
safeguard and recommendation distributions, allowing assessment of 
the extent to which augmented LLMs prioritize inherently reliable pro
tection measures over administratively dependent controls. The result
ing distribution patterns provide insights into the feasibility, maturity, 
and current limitations of RAG-based HAZOP automation from a process 
safety engineering perspective.

4. Data collection and preparation

This study compiled a multi-source dataset to support domain- 
adaptive pre-training and RAG-based HAZOP worksheet generation. 
The data were organized according to their intended use, either for 
further pre-training or for constructing a knowledge base to support 
information retrieval.

4.1. Corpus development for HAZOP-adapted BERT model

The development of a domain-adaptive language model for HAZOP 
studies requires a comprehensive and diverse textual corpus that cap
tures the linguistic patterns, technical terminology, and contextual 
variations encountered in process industries. A key challenge lies in 
collecting, standardizing, and integrating data from heterogeneous 
sources with varying formats, structures, and accessibility constraints. 
This study gathered HAZOP-related data from multiple academic and 
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Fig. 6. Similarity evaluation procedures of generated worksheets by RAG and baseline LLMs.
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industrial sources to construct a unified corpus that reflects both theo
retical knowledge and practical experience in process safety and hazard 
analysis.

A total of 1513 investigation reports and 513 HAZOP-related publi
cations were collected, covering oil and gas operations, refining, and 
natural gas pipeline systems. The reports include 1174 incident inves
tigation reports from the U.S. Bureau of Safety and Environmental 
Enforcement (BSEE. 2025), 181 pipeline audit reports from the Canada 
Energy Regulator (CER, 2025), 117 investigation reports from the U.S. 
Chemical Safety Board (CSB, 2025), and 30 pipeline investigation re
ports from the Transportation Safety Board of Canada (TSB, 2025). 
These reports were obtained from their official websites using an auto
mated web-scraping pipeline (implemented with the requests and 
BeautifulSoup libraries). In addition, 11 industrial HAZOP reports were 
obtained through contacting process safety engineers. The 513 
HAZOP-related PDF documents, including literature, theses, standards, 
and technical reference books, were curated through consultations with 
domain experts and systematic searches of Scopus, Web of Science, and 
Google Scholar, primarily covering publications from the past two de
cades. A detailed summary of the compiled datasets is provided in 
Table 4.

Textual content was extracted from the PDF documents using an 
automated pipeline primarily based on the PyMuPDF library. For doc
uments in which PyMuPDF failed to extract meaningful content—such 
as scanned, protected, or poorly formatted files—the pdfplumber library 
was employed as a secondary extraction method. This fallback library 
maximizes text recovery across heterogeneous document formats. For 

each page, raw textual content was retrieved and subsequently 
normalized to remove line-break artifacts, hyphenation, and excessive 
whitespace. Paragraph-level segmentation was then applied by identi
fying logical breaks between blocks of text.

To improve data quality, short, low-information, and boilerplate 
segments (e.g., headers, footers, and legal disclaimers) were removed. 
Duplicate paragraphs were eliminated using hash-based matching, in 
which each normalized paragraph was converted into a unique digital 
fingerprint and repeated entries were discarded. All cleaned paragraphs 
were stored in a structured JSONL (JSON Lines) format and linked to 
detailed metadata, including document source, file path, and page 
number, to ensure traceability. The resulting corpus comprised 29,061 
unique paragraphs, totaling 13,462,690 words, with an average length 
of 463.26 words per paragraph. Since the baseline embedding model 
(bert-base-uncased) supports a maximum input length of 512 tokens, 
paragraphs exceeding this limit required further segmentation. 
Accordingly, 9998 paragraphs longer than 512 tokens were identified 
and divided into smaller, non-overlapping chunks, each constrained to a 
maximum length of 512 tokens. Chunks containing fewer than 25 tokens 
were discarded to eliminate low-information segments. This chunking 
procedure produced a final training corpus of 40,212 text segments, 
with a mean length of 334 tokens per chunk. The dataset was subse
quently partitioned into 90% training data (36,191 chunks) and 10% 
testing data (4021 chunks) to support domain-adaptive pretraining and 
model evaluation.

4.2. Corpus development for RAG-based HAZOP worksheet generation

For RAG-based HAZOP worksheet generation, a structured dataset 
consisting of P&ID node descriptions and their associated HAZOP ele
ments, including deviations, causes, consequences, safeguards, and 
recommendations, is required. This structure enables the RAG pipeline 
to retrieve semantically similar node descriptions and their corre
sponding HAZOP elements to support accurate worksheet generation.

Due to security restrictions, access to complete industrial HAZOP 
reports is limited. Consequently, most HAZOP records were manually 
extracted from published literature, which typically contains partial 
case studies presented in heterogeneous formats and reporting styles. 
The extracted HAZOP records include certain deviations while omitting 
others. Manual extraction was therefore necessary to ensure consistency 
across the dataset. In total, 6120 structured HAZOP records linked to 
278 P&ID nodes were extracted from the 513 HAZOP-related publica
tions and 11 complete industrial HAZOP reports. It should be noted that 
the limited availability of actual complete HAZOP reports (only 11 re
ports collected from industry) restricts the diversity and comprehen
siveness of the knowledge base and may consequently affect the 
performance of the generation process. This limitation may also impact 
the model’s ability to identify rare or complex hazard scenarios that are 
underrepresented in the dataset. These records include deviations, 
causes, consequences, and countermeasures. Since node-level de
scriptions are rarely available in the literature, corresponding P&ID 
node descriptions were generated using the GPT-4o-mini multimodal 
model.

In addition, the 1140 BSEE district incident investigation reports 
follow a semi-structured template and include dedicated sections 
describing incident narratives, causal factors, consequences, and 
corrective actions. This structured information provides valuable 
domain knowledge that can enhance the learning and generation ca
pabilities of LLMs. All PDF documents were initially processed using the 
Unstructured library to convert each report into an ordered sequence of 
text segments while preserving the original reading order. Incident 
narratives were then extracted using a rule-based procedure based on 
explicit section anchors and regular expressions. The beginning of each 
narrative was identified by searching for headings matching patterns 
such as “INVESTIGATION FINDINGS” or “DESCRIBE IN SEQUENCE 
HOW ACCIDENT HAPPENED”. The end boundary of the narrative was 

Table 4 
Overview of the dataset used for HAZOP-Adapted BERT training.

Dataset Data Source Scope Time 
Range

Data 
Volume

BSEE panel 
reports

U.S. Bureau of 
Safety and 
Environmental 
Enforcement 
(BSEE)

Major offshore 
incidents 
involving 
fatalities, serious 
injuries, or major 
pollution.

2008–2024 34 
reports

BSEE 
district 
reports

U.S. Bureau of 
Safety and 
Environmental 
Enforcement 
(BSEE)

Less severe 
incidents that 
require fewer 
resources than 
panel 
investigations.

2003–2025 1140 
reports

CER reports Canada Energy 
Regulator (CER)

Review of 
pipeline incidents 
and audit findings 
under certain 
operating 
conditions.

2012–2023 181 
reports

CSB reports U.S. Chemical 
Safety Board 
(CSB)

Detailed reports 
on significant oil 
and gas and 
chemical 
accidents.

2000–2025 117 
reports

TSB reports Transportation 
Safety Board of 
Canada (TSB)

Natural gas 
Pipeline accident 
investigations to 
advance 
transportation 
safety.

1996–2013 30 
reports

HAZOP 
actual 
reports

Collected through 
contacting Process 
safety engineers

Actual industrial 
HAZOP reports in 
oil and gas 
facilities.

2022–2024 11 
reports

HAZOP 
literature, 
guides, 
and 
reference 
books

Consultations 
with domain 
experts and 
searches of 
Scopus, Web of 
Science, and 
Google Scholar

Case studies, 
technical guides, 
theses, reference 
books related to 
HAZOP 
application in the 
process industries

2000–2025 513 
HAZOP 
related 
data
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determined by subsequent section headers such as “LIST OF PROBABLE 
CAUSE(S)”. This strategy was adopted because the “INVESTIGATION 
FINDINGS” section often contains multiple subsections (e.g., Incident 
Summary, Sequence of Events, BSEE Investigation, and Conclusions). 
Therefore, defining explicit start and end anchors ensures reliable 
extraction of complete narratives. Causes were extracted using section 
headings such as “LIST THE PROBABLE CAUSE(S) OF ACCIDENT”, 
“LIST THE CONTRIBUTING CAUSE(S) OF ACCIDENT”, and “SPECIFY 
VIOLATIONS DIRECTLY OR INDIRECTLY CONTRIBUTING. NARRA
TIVE.” Consequences were identified using headings including “PROP
ERTY DAMAGED” and “NATURE OF DAMAGE”, while protective 
actions were extracted from sections such as “LIST THE ADDITIONAL 
INFORMATION” and “RECOMMENDATIONS TO PREVENT RECUR
RANCE NARRATIVE.” It is worth noting that the BSEE reports do not 
explicitly incorporate deviations, which may limit the model’s ability to 
learn deviation-specific patterns and could affect the completeness of 
generated HAZOP worksheets.

During data preprocessing, encoding artifacts, formatting noise, and 
irregular characters were removed. The extracted text was normalized 
and segmented into contextually coherent chunks with a maximum 
length of 512 tokens. Longer narratives were divided into semantically 
connected sub-chunks. This procedure resulted in 278 node descriptions 
chunks and 1813 narrative segments. During embedding, representa
tions of the sub-chunks were aggregated using mean pooling to preserve 
the semantic meaning of complete incident narratives rather than iso
lated fragments.

For FAISS-based vector indexing, P&ID node descriptions and inci
dent narratives were embedded using the proposed HAZOP-Adapted 
BERT model to serve as primary semantic representations, while asso
ciated elements—including deviations, causes, consequences, and 
countermeasures—were stored as structured JSONL metadata linked to 
each indexed entry. This design enables efficient retrieval of semanti
cally relevant cases together with their corresponding HAZOP elements, 
thereby enhancing the accuracy, consistency, and reliability of down
stream RAG-based HAZOP worksheet generation.

To ensure data quality, we verified that every HAZOP record is 
correctly attached to its corresponding node and that the number and 
ordering of embedded node-description vectors exactly match the node- 
level metadata entries used during FAISS retrieval. We also quantified 

node coverage and inspected the distribution of records per node 
(ranging from 8 to 440) and checked for duplicate HAZOP records 
within each node. For the BSEE corpus, we validated that each narrative 
chunk retains non-empty associated elements (causes, consequences, 
and recommendations) in the stored metadata, ensuring that retrieved 
incidents provide complete contextual grounding for generation.

To evaluate the proposed method, a P&ID node was randomly 
selected from the literature to provide a proof of concept, for which a 
conventional HAZOP study had been conducted (see Appendix B.2). The 
selected node represents a water injection system in which vessel V-106 
functions as a buffer between the potable water intake and the crude oil 
pipeline injection point. The P&ID node configuration is illustrated in 
Fig. 7 (Marhavilas et al., 2019).

5. Results and Discussion

Building on the methodology described in Section 3, this section 
presents the results of evaluating the performance of multimodal LLMs 
in generating P&ID node descriptions, HAZOP-Adapted BERT in 
enhancing hazard related semantic representations, and RAG and 
baseline LLMs in generating HAZOP worksheets. The following sub
sections report and discuss the detailed results for each aspect. It should 
be noted that the node description and associated HAZOP records of the 
selected P&ID nodes were excluded from the retrieval corpus to ensure 
an unbiased generation and evaluation.

The experiments were performed in Google Colaboratory Pro using 
Python 3.12.12 and PyTorch with CUDA support. Computations were 
accelerated using an NVIDIA A100-SXM4 GPU equipped with 80 GB 
VRAM. The system was configured with CUDA 12.4 and NVIDIA driver 
version 550.54.15, providing sufficient memory and computational ca
pacity for large-scale multimodal model evaluation. The LLaMA 3.2 
model was accessed through the Hugging Face platform, while GPT-4o 
and GPT-4o-mini were accessed via the OpenAI API. In addition, the 
RoBERTa-large model was employed to generate node description em
beddings for comparative analysis with a previous study that adopted 
the same embedding model. SpaCy library was used to calculate cross- 
model similarity. Supporting libraries, including NumPy, Matplotlib, 
and Seaborn were used for visualization, and image preprocessing.

The top-K retrieved content used to support LLM reasoning was set to 

Fig. 7. The reference P&ID node (Node #1) (Marhavilas et al., 2019).
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10, comprising five nodes retrieved from the P&ID node descriptions 
and their associated HAZOP records, and five items retrieved from the 
BSEE incident narratives along with their associated causes, conse
quences, and recommendations. Table 5 summarizes the experimental 
configurations of both baseline and RAG-based models, highlighting the 
differences in input, prompt settings, retrieval sources, and embedding 
model. The maximum number of tokens was set to 1200 to accommo
date the length of the reference HAZOP worksheet, which contains 
approximately 900 tokens.

5.1. Multimodal LLM performance for node description generation

The performance of GPT-4o and GPT-4o-mini in generating P&ID 
node descriptions was evaluated using BERT-based similarity metrics by 
comparing the generated descriptions with literature-based benchmarks 
for 33 nodes, as summarized in Table 6. Both models demonstrated 
strong and consistent performance across the three temperature settings 
(0.0, 0.2, and 0.4) and over ten repeated runs per temperature for each 
node, indicating stable and reproducible generation behavior. GPT-4o 
achieved the highest semantic alignment with the benchmark de
scriptions, attaining a maximum F1-score of 86.88% at temperature 0.2. 
This result reflects its strong capability to capture both the functional 
intent and structural characteristics of P&ID nodes. GPT-4o-mini 
exhibited comparable performance, with its highest F1-score of 
86.67% at temperature 0.0, suggesting that the lighter-weight model can 
still generate high-quality technical descriptions when operated under 
more deterministic conditions. The low standard deviations observed for 
all metrics (generally below 0.005) confirm that the generated de
scriptions remain consistent across repeated runs. This stability is 
essential for engineering applications, where reproducibility and reli
ability are critical requirements.

In addition, GPT-4o consistently maintained balanced precision and 
recall values across temperature settings, indicating its ability to 
generate content that is both relevant and comprehensive. In contrast, 
GPT-4o-mini at temperature 0.2 exhibited the lowest precision 
(85.47%), suggesting a higher tendency to introduce auxiliary or weakly 
supported details that are not strongly grounded in the benchmark de
scriptions. At the same time, its lowest recall (86.96%) indicates that 
some benchmark-specific functional elements may be omitted or 
expressed more concisely. Overall, the relatively close F1-scores across 
both models, temperature settings, and repeated runs indicate substan
tial alignment with the literature descriptions, supporting the feasibility 
of using multimodal LLM-generated node descriptions as reliable inputs 
for RAG-based HAZOP worksheet generation.

When compared with the results of our previous study using four 
multimodal LLMs—Gemini 2.5-Flash, LlaMA-1.5, DeepSeek-VL, and 
Qwen2-VL—the GPT-based models show a clear improvement in 
benchmark alignment. The highest F1-score reported in the previous 
study was 82.89% for LlaMa-1.5 followed by Gemini (82.30%), whereas 
GPT-4o and GPT-4o-mini achieved F1-scores exceeding 86%, repre
senting an improvement of roughly 4% in semantic similarity. This 
performance improvement indicates that the newer GPT-4o-based 
models provide more accurate and semantically faithful P&ID node 
descriptions, likely due to their enhanced multimodal reasoning capa
bilities and improved alignment between visual and textual 

representations.
An important aspect of the reliability of the generated descriptions is 

the degree of agreement among different multimodal LLMs. To assess 
this aspect, the spaCy library was used to compute document-level 
cosine similarity between the standardized outputs of all models. The 
resulting cross-model similarity matrix, shown in Fig. 8, reveals 
consistently high pairwise agreement, with average similarity values 
ranging from 0.84 to 0.99. Notably, GPT-4o and GPT-4o-mini exhibit 
near-identical outputs (0.99), indicating that the lightweight variant 
closely reproduces the descriptive patterns of the full model. Similarly, 
strong agreement is observed between GPT-4o and Gemini (0.97), GPT- 
4o and Qwen (0.96), and among Gemini, LLaMA, and Qwen 
(0.90–0.93), reflecting a shared interpretation of node functionality and 
process connectivity.

Overall, the high level of cross-model agreement demonstrates that 
the generated P&ID node descriptions are not strongly dependent on a 
specific LLM architecture. Instead, they reflect a stable and reproducible 

Table 5 
Experimental configurations of implementing models for HAZOP worksheet generation.

Models Input Prompt Retrieval sources Embedding 
model

Top- 
K

Runs

RAG-based 
Models (3 
models)

P&ID node image, node 
description, and retrieved 
content

Role-based CoT, temperatures 
(0.1, 0.2, 0.4), maximum tokens 
(1200)

Node descriptions and associated HAZOP 
records & BSEE incident narratives and 
associated elements

HAZOP- 
Adapted BERT

10 90 runs (30 
per model)

Baseline LLMs 
((3 models)

P&ID node image and node 
description

Role-based CoT, temperatures 
(0.1, 0.2, 0.4), maximum tokens 
(1200)

– – – 90 runs (30 
per model)

Table 6 
Similarity scores for P&ID node descriptions generated by multimodal LLMs.

Model Temperature BERT_P BERT_R BERT_F1

GPT-4o 0.0 0.8641 
± 0.0034

0.8710 
± 0.0031

0.8676 
± 0.0024

0.2 0.8662 
± 0.0023

0.8713 
± 0.0021

0.8688 
± 0.0020

0.4 0.8620 
± 0.0054

0.8730 
± 0.0050

0.8675 
± 0.0044

GPT-4o- 
mini

0.0 0.8630 
± 0.0069

0.8704 
± 0.0026

0.8667 
± 0.0045

0.2 0.8547 
± 0.0031

0.8696 
± 0.0019

0.8621 
± 0.0018

0.4 0.8581 
± 0.0041

0.8715 
± 0.0023

0.8647 
± 0.0030

Fig. 8. Cross-model similarity of multimodal LLMs’ generated descriptions.
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understanding of the underlying process systems. This finding is 
consistent with the BERT-based similarity results reported in Table 6. 
Together, these complementary analyses provide strong evidence of 
reliability: BERT-based similarity confirms semantic alignment with 
authoritative descriptions, while spaCy-based agreement demonstrates 
internal consistency across models.

In addition to the quantitative evaluation, a qualitative manual re
view was conducted to identify potential errors, omissions, and in
consistencies in the generated descriptions. This review focused on the 
key aspects specified in the prompt, including design intent, operating 
conditions, process flow and connectivity, and inlet and outlet streams, 
in order to assess technical correctness and functional plausibility. 
Table 7 presents a representative example based on the P&ID node 
analyzed in this study, in which the GPT-4o-generated description is 
compared with the literature benchmark in an aspect-wise manner. The 
results show strong agreement in core functional elements, including the 
identification of the water injection system, inlet and outlet streams, and 
the sequential flow from V-106 to P-102 and E-102.

Minor deviations were observed in secondary details, such as the 
inclusion of pressure protection and monitoring elements that are visible 
in the P&ID node but not explicitly stated in the literature. These cases 
were classified as acceptable elaborations rather than hallucinations, as 
they are supported by diagram evidence. Overall, this qualitative anal
ysis complements the BERT-based metrics and cross-model agreement 
by providing domain-level validation of technical accuracy and inter
pretability, thereby strengthening confidence in the reliability of the 
generated descriptions for subsequent RAG-based HAZOP worksheet 
generation.

5.2. Performance of the HAZOP-adapted BERT model

The baseline embedding model employed in this study is bert-base- 
uncased, which follows the original BERT transformer architecture 
proposed by Devlin et al. (2019). The model consists of 12 transformer 
layers with a hidden dimension of 768 and 12 self-attention heads, 
resulting in approximately 110 million trainable parameters. It was 
pre-trained on large-scale general-domain corpora, including Wikipedia 
and BookCorpus, comprising approximately 3.3 billion words, using 
masked language modeling (MLM) and next sentence prediction models. 
This pre-training enables the model to capture rich contextual and se
mantic representations.

The proposed HAZOP-Adapted BERT model was further pre-trained 
using the MLM model with a cross-entropy loss function. Domain- 
adaptive pre-training was conducted for two epochs with a batch size 
of 8 and a learning rate of 5 × 10 − 5, employing the AdamW optimizer 
with a weight decay of 0.01.

The effectiveness of domain-adaptive pre-training was evaluated by 
comparing the baseline model with the adapted model on the held-out 
test set using cross-entropy loss and perplexity. The baseline BERT 
model achieved a cross-entropy loss of 2.82, corresponding to a 

perplexity of 16.74. In contrast, the HAZOP-adapted model attained a 
substantially lower loss of 1.66 and a perplexity of 5.24, demonstrating a 
significant improvement in modeling domain-specific language 
patterns.

The resulting reduction in entropy loss (1.16) and perplexity (11.50) 
indicates that the adapted model assigns significantly higher likelihood 
to HAZOP-related text compared to the generic pre-trained model. This 
improvement confirms that further pre-training on safety reports, reg
ulatory documents, and technical literature enhances the perception 
capability for HAZOP knowledge and improves the effectiveness of se
mantic representation for this knowledge. Consequently, the adapted 
model exhibits stronger predictive capability and reduced uncertainty 
when processing domain-relevant sequences.

In addition to quantitative evaluation, a qualitative assessment was 
conducted using 30 sentences randomly selected from the test set 
(representative examples provided in Appendix C). The HAZOP-Adapted 
BERT model outperformed the baseline BERT, achieving higher Top-1 
accuracy (0.452 vs. 0.387), Top-5 accuracy (0.903 vs. 0.645), and 
mean prediction probability (0.267 vs. 0.187). For example, in the 
sentence “High pressure deviation may damage process [MASK],” the 
adapted model correctly predicted “equipment” with a higher confi
dence (0.4347) compared to the baseline model (0.0329). Similarly, for 
“A high level alarm should [MASK] the emergency shutdown,” the 
adapted model correctly predicted “initiate” with higher confidence and 
ranking, while the baseline model assigned a lower rank and probability. 
These results confirm that domain-adaptive pre-training improves both 
the accuracy and confidence of masked token prediction, particularly for 
HAZOP-specific terminology.

5.3. RAG-based semantic similarity performance

The semantic and contextual similarity between the generated 
HAZOP worksheets and the reference worksheet was evaluated using 
BERT-based precision, recall, and F1-score metrics, as summarized in 
Table 8. The results demonstrate a consistent and substantial perfor
mance improvement when RAG is employed. Among all models, RAG 
+ GPT-4o achieved the highest performance, with an F1 score of 0.9397, 
followed closely by RAG + GPT-4o-mini (0.9387). RAG + LLaMA 3.2 VL 

Table 7 
Comparison of literature-based and GPT-4o-generated descriptions for the P&ID node used in this study.

Aspect GPT-4o Description Literature Description Alignment Notes

Design Intent Identifies node as a water injection system 
with vessel V-106 and pump P-102 
supplying E-102

V-106 acts as a buffer between potable water intake 
and crude oil injection point; supports water injection 
via P-102

Accurate ​

Operating 
Conditions

Mentions level control and overpressure 
protection

Implied normal water storage and controlled level; no 
explicit pressure/temperature stated

Partially 
Accurate

Level control is supported; 
overpressure protection is not clearly 
shown in reference

Input Streams Fresh water via flow control valve Potable water intake into V-106 Accurate ​
Output Streams Outflow to E-102 via P-102 Water from vessel to P-102, then to E-102 Accurate ​
Process Flow & 

Connectivity
Same sequential flow described Intake → V-106 → P-102 → E-102 Accurate ​

Control, Safety, 
and Utilities

Mentions LT-102 and LIC-102, P-102 
outflow, PSV-107, PI-60, LSHH-123, and 
UA-1041/1045

LT-102 controls LV-102; P-102 takes suction from 
vessel; no explicit mention of pressure protection, 
monitoring, alarms, or utilities

Acceptable Additional elements are grounded in 
the P&ID but not stated in the 
benchmark

Table 8 
Similarity scores of RAG-based and baseline LLMs to generate HAZOP 
worksheets.

Model BERT_P BERT_R BERT_F1

RAG + GPT-4o 0.9383 ± 0.0054 0.9412 ± 0.0040 0.9397 ± 0.0042
RAG + GPT-4o-mini 0.9381 ± 0.0053 0.9393 ± 0.0059 0.9387 ± 0.0052
RAG + LlaMa3.2 VL 0.9226 ± 0.0169 0.9187 ± 0.0220 0.9206 ± 0.0190
GPT-4o 0.8825 ± 0.0091 0.8615 ± 0.0191 0.8718 ± 0.0132
GPT-4o-mini 0.8652 ± 0.0129 0.8698 ± 0.0162 0.8675 ± 0.0135
LlaMa3.2 VL 0.8611 ± 0.0072 0.8565 ± 0.0166 0.8587 ± 0.0094
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also showed strong performance, achieving an F1 score of 0.9206. In 
addition, the relatively low standard deviations observed for the RAG- 
based models indicate stable and consistent performance across 
different temperature settings and multiple trials, suggesting that 
retrieval grounding reduces the stochastic variability inherent in 
generative models.

In contrast, baseline models operating without external knowledge 
exhibited noticeably lower similarity scores. GPT-4o, GPT-4o-mini, and 
LLaMA 3.2 VL achieved F1 scores of 0.8718, 0.8675, and 0.8587, 
respectively. This performance gap highlights the limitations of stand
alone LLMs in consistently capturing domain-specific safety knowledge 
solely from pretrained parameters compared to RAG-based models.

A consistent improvement is observed in both precision and recall for 
all RAG-based models compared with their baseline counterparts. 
Higher precision indicates that retrieved knowledge helps reduce the 
generation of irrelevant or unsupported content, while improved recall 
reflects enhanced coverage of critical HAZOP elements. These findings 
confirm that RAG not only enhances contextual fidelity but also reduces 
the generation of unsupported or extraneous content, leading to more 
accurate and reliable HAZOP worksheet generation compared to 
standalone LLMs.

Notably, the performance difference between RAG + GPT-4o and 
RAG + GPT-4o-mini is marginal, suggesting that effective retrieval can 
partially compensate for differences in model capacity. This finding 
indicates that retrieval quality plays a central role in domain-specific 
generation and may reduce dependence on very large language 
models in practical deployments.

In addition, statistical significance analysis was conducted to eval
uate whether the observed performance improvements are attributable 
to the augmented external knowledge rather than random variation. A 
paired t-test was performed across the 30 runs for each model, 
comparing the F1-scores of RAG-augmented models with their corre
sponding baseline models. The results indicate that all RAG-based 
models significantly outperform their baseline counterparts, with p- 
values less than 0.05, and in most cases below 0.001. These findings 
confirm that the observed improvements in semantic similarity are 
statistically significant and not due to stochastic variation in the gen
eration process.

5.4. HAZOP-based assessment: scenario results

Scenario identification represents a fundamental component of the 
HAZOP methodology, as it reflects a model’s ability to systematically 
anticipate potential deviations, causes, and consequences within a pro
cess system. In this study, scenario identification performance is 

evaluated using two complementary indicators: (i) the total number of 
generated scenarios and (ii) the valid scenario ratio. Together, these 
metrics provide a quantitative basis for assessing both the generative 
capacity and the semantic reliability of each model.

5.4.1. Scenario generation capacity
As shown in Fig. 9, the number of generated HAZOP scenarios varies 

substantially across models and temperature settings (0.1, 0.2, and 0.4). 
Among the baseline models, GPT-4o exhibits stable and conservative 
generation behavior, producing a total of 563 scenarios (18.77 per 
worksheet), which closely approximates the reference HAZOP work
sheet containing 17 scenarios. This consistency across temperatures 
indicates a balanced generation strategy that avoids excessive over- 
production while maintaining adequate scenario coverage.

GPT-4o-mini generates fewer scenarios overall, with 372 scenarios 
(12.40 per worksheet). Its median values remain below the reference 
benchmark, particularly at higher temperatures, suggesting limited 
exploratory capability and a tendency toward under-generation. This 
behavior reflects the constrained reasoning capacity of smaller models 
when operating without external knowledge support. In contrast, 
LLaMA 3.2 demonstrates substantially higher generative capacity, pro
ducing 842 scenarios (28.07 per worksheet). This trend is most pro
nounced at temperature 0.4 (384 scenarios), where both the median and 
dispersion increase considerably, frequently exceeding the reference 
scenario count. While this behavior indicates strong exploratory po
tential, it also suggests a higher likelihood of redundant, marginally 
relevant, or weakly grounded scenarios.

The incorporation of external HAZOP knowledge leads to notable 
changes in scenario generation behavior. For GPT-4o and GPT-4o-mini, 
RAG produces a moderating effect, yielding tighter distributions and 
medians closer to the reference benchmark. Specifically, RAG + GPT-4o 
generates 496 scenarios (16.53 per worksheet), while RAG + GPT-4o- 
mini produces 411 scenarios (13.70 per worksheet). Both models exhibit 
reduced variance and improved consistency compared to their baseline 
counterparts. These results indicate that retrieval grounding constrains 
scenario generation by anchoring the models to relevant historical 
HAZOP records and incident narratives, thereby reducing over- 
generation and improving focus on technically meaningful scenarios. 
For LLaMA 3.2, RAG integration preserves high generative capacity 
while enhancing stability. RAG-LLaMA 3.2 produces 910 scenarios 
(30.33 per worksheet), maintaining medians above the reference level 
but with reduced dispersion relative to the baseline model. This in
dicates that retrieval augmentation partially constrains excessive vari
ability while retaining the model’s strong reasoning and exploration 
capabilities.

Fig. 9. Scenario generation comparison across models at varying temperatures.

E. Elhosary and O. Moselhi                                                                                                                                                                                                                   Process Safety and Environmental Protection 213 (2026) 108997 

16 



Among all evaluated models, RAG + GPT-4o achieves the closest 
alignment with the reference worksheet in terms of scenario count, 
suggesting an optimal balance between coverage and precision. In 
addition, RAG augmentation enhances the generative capability of GPT- 
4o-mini, increasing the average number of identified scenarios from 
12.4 in the baseline model to 13.7, while maintaining improved con
sistency and relevance.

Scenario diversity across temperature settings reveals additional 
performance differences among the evaluated models. Increasing the 
temperature is generally expected to promote output variability by 
introducing greater stochasticity during generation. This effect is most 
evident for LLaMA 3.2, which exhibits wider interquartile ranges at 
higher temperatures (0.4), indicating increased dispersion in the num
ber of generated HAZOP scenarios. In contrast, GPT-4o and GPT-4o-mini 
show relatively stable scenario counts across temperatures (0.1–0.4), 
suggesting limited sensitivity of scenario generation to temperature 
changes.

RAG-augmented models demonstrate even greater consistency to 
temperature changes. Their narrower interquartile ranges and scenario 
counts clustered closer to the reference HAZOP benchmark (n = 17) 
indicate that retrieval-based grounding mitigates temperature-induced 
variability. This stabilization effect confirms that external knowledge 
integration constrains random exploration and promotes consistent 
scenario generation. These results suggest that temperature adjustments 
primarily influence surface-level linguistic diversity rather than the 
structured reasoning required for systematic scenario identification. 

This observation aligns with prior findings that temperature tuning 
alone has a limited impact on performance in structured engineering 
where domain knowledge and reasoning frameworks play a more crit
ical role (Lee et al., 2026; Peeperkorn et al., 2024).

Overall, scenario analysis reveals that baseline models exhibit 
varying trade-offs between coverage and stability, with larger models 
tending toward over-generation and smaller models toward under- 
generation. The integration of RAG consistently improves alignment 
with expert practices by moderating excessive variability, enhancing 
consistency, and reducing unsupported outputs. Among all evaluated 
configurations, RAG + GPT-4o achieves the most balanced perfor
mance, combining near-reference scenario counts with low variance. 
These findings demonstrate that retrieval-augmented architectures are 
particularly effective for systematic hazard identification tasks, where 
controlled reasoning and grounding in historical knowledge are 
essential.

5.4.2. Valid scenario ratio
Following the analysis of scenario generation volume, the semantic 

validity of generated scenarios was evaluated using clustering-based 
analysis. High-dimensional embeddings of individual HAZOP sce
narios, obtained using HAZOP-Adapted BERT model, were first pro
jected onto two principal components using PCA. This transformation 
preserves the dominant semantic variance while enabling visual in
spection of scenario distributions in a reduced dimensional space 
(Fig. 10 and Fig. 11). To determine the appropriate number of semantic 

Fig. 10. PCA with K-Means clustering for RAG-based models.
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clusters, the elbow method was applied to the within-cluster sum of 
squares (WCSS). As illustrated in Fig. 12 and Fig. 13, the elbow criterion 
consistently identified an optimal value of k = 3 for the RAG-augmented 
models and k = 4 for the baseline LLMs. These values reflect the intrinsic 
semantic structure of the generated scenarios under each modeling 
paradigm.

Fig. 10 presents the PCA projections with K-means clustering for the 
RAG-based models. In these visualizations, red markers denote expert- 
derived reference scenarios, while colored points represent RAG- 
generated scenarios grouped according to their cluster assignments. 
For RAG + GPT-4o, the expert scenarios are largely concentrated within 
a dominant cluster, indicating strong semantic convergence between 
generated and reference outputs. A similar pattern is observed for RAG 
+ GPT-4o-mini, where expert scenarios form a compact cluster with 
limited dispersion, suggesting stable semantic grounding despite lower 
overall scenario counts. RAG + LLaMA 3.2 also exhibits clear cluster 
formation, with expert scenarios embedded within a major cluster, 
although accompanied by a broader distribution of generated outputs.

Quantitatively, the clustering results reveal that RAG-based models 

achieve substantially higher valid scenario ratios than their baseline 
counterparts, with improvements of approximately 10–12%. RAG 
+ GPT-4o attained the highest valid scenario ratio of 41.53%, with 206 
out of 496 generated scenarios aligned with the expert-dominant cluster. 
RAG + GPT-4o-mini achieved a ratio of 36.74% (151 out of 411 
generated scenarios), while RAG + LLaMA 3.2 reached 38.46% (350 out 
of 910 generated scenarios), despite producing a significantly larger 
number of scenarios. These findings indicate that retrieval augmenta
tion improves not only the quantity of generated scenarios but, more 
importantly, their semantic relevance to expert knowledge.

In contrast, baseline LLMs exhibited lower valid scenario ratios 
despite comparable or higher scenario counts as shown in Fig. 11. GPT- 
4o achieved a valid ratio of 31.79% (179 out of 563 generated sce
narios), while GPT-4o-mini and LLaMa-3.2 recorded 26.88% (100 out of 
372 generated scenarios) and 26.60% (224 out of 842 generated sce
narios), respectively. The PCA projections show that baseline models 
tend to distribute generated scenarios across multiple clusters, indi
cating weaker semantic cohesion and reduced alignment with expert 
benchmarks. This dispersion is particularly evident for LLaMa-3.2, 

Fig. 11. PCA with K-Means clustering for LLMs-based models.
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which, although producing the highest volume of scenarios, exhibits 
substantial semantic spread and lower consistency.

Overall, these findings highlight a clear trade-off between scenario 
quantity and validity. While baseline models—especially LLaMa-3.2— 
tend to maximize scenario coverage, they do so at the expense of se
mantic coherence. In contrast, RAG-augmented models consistently 
generate scenarios that are more tightly aligned with expert knowledge, 
reflecting improved contextual grounding and reduced hallucination. 
Furthermore, the observed valid scenario ratios exceed those reported in 
prior studies, which typically range between 19% and 37%. This 
improvement confirms the effectiveness of integrating domain-adapted 
embeddings, dense retrieval mechanisms, and role-based CoT prompt
ing in enhancing the reliability and interpretability of automated 
HAZOP scenario generation. Collectively, these findings demonstrate 
that retrieval grounding plays a critical role in transforming LLMs from 
high-volume generators into knowledge-aligned decision-support tools 
suitable for safety-critical engineering applications.

To further validate the reliability of the clustering-based valid sce
nario ratio, a complementary manual evaluation was conducted. For 
each RAG-based model, twelve generated HAZOP worksheets were 
randomly selected and independently reviewed to identify scenarios 
that were semantically consistent with the reference scenarios. The re
sults indicate that RAG + GPT-4o produced 74 correct scenarios out of 
166 generated scenarios, corresponding to validity ratios ranging from 
35.7% to 57.1%. RAG + GPT-4o-mini achieved 68 correct scenarios out 
of 174, with validity ratios between 33.0% and 46.2%. Although RAG 
+ LLaMA 3.2 generated a substantially larger number of scenarios, only 
76 out of 270 were identified as correct, resulting in lower validity ratios 
ranging from 17.4% to 34.8%. Overall, RAG + GPT-4o achieved the 
highest manual validity ratio, while RAG + LLaMA 3.2 exhibited the 
lowest performance. These manually derived results are consistent with 

the automated PCA–K-means analysis, indicating that the clustering- 
based method provides a reliable approximation of expert judgment 
and supports its application for large-scale evaluation of scenario 
validity.

5.5. HAZOP-based assessment: Deviation analysis results

Table 9 summarizes the deviation analysis results for both baseline 
and RAG-augmented models in terms of total deviations, unique de
viations, correct deviations, and the valid deviation ratio.

Among the baseline models, LLaMA 3.2 generated the highest 
number of unique deviations (359), followed by GPT-4o (280) and GPT- 
4o-mini (235). This indicates that LLaMA 3.2 exhibits the strongest 
exploratory behavior in identifying diverse deviation types. However, 
higher diversity does not necessarily translate into higher accuracy. 
GPT-4o achieved a more balanced performance by generating a sub
stantial number of unique deviations while maintaining stronger 
alignment with expert references. For the RAG-augmented models, RAG 
+ LLaMA 3.2 produced the largest number of unique deviations (377), 
slightly exceeding its baseline counterpart. In contrast, RAG + GPT-4o 
and RAG + GPT-4o-mini generated fewer unique deviations (227 and 
184, respectively), suggesting that retrieval grounding constrains devi
ation exploration and reduces redundant or speculative outputs.

Correct deviations represent the subset of generated deviations that 
match those in the reference HAZOP worksheet. Among baseline 
models, GPT-4o achieved the highest number of correct deviations 
(178), substantially outperforming GPT-4o-mini (113) and LLaMA 3.2 
(106). This indicates that GPT-4o possesses stronger inherent domain 
reasoning capabilities for deviation identification. RAG-based models 
exhibit a marked improvement in correctness. RAG + GPT-4o achieved 
the highest number of correct deviations overall (195), representing an 

Fig. 12. Optimal number of clusters for RAG-based models determined by Elbow method.
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increase of nearly 10% compared to its baseline version. Similarly, RAG 
+ GPT-4o-mini improved from 113 to 148 correct deviations, reflecting 
the positive impact of retrieval grounding. RAG + LLaMA 3.2 also 
improved from 106 to 140 correct deviations, despite maintaining high 
generative diversity.

The valid deviation ratio reflects the proportion of real deviations 
successfully identified by each model. Among the baseline models, GPT- 
4o achieved the highest ratio (74.13%), indicating strong baseline reli
ability. GPT-4o-mini and LLaMA 3.2 performed substantially worse, 
with ratios of 47.13% and 44.13%, respectively. RAG augmentation led 
to systematic improvements across all models. RAG + GPT-4o attained 
the highest valid deviation ratio (81.25%), demonstrating superior 
coverage of expert deviations. RAG + GPT-4o-mini increased to 61.63%, 
while RAG + LLaMA 3.2 reached 58.38%. These gains confirm that 
retrieval grounding significantly improves deviation validity.

To further evaluate model efficiency, the ratio of correct deviations 
to unique generated deviations was examined. This ratio reflects how 
efficiently each model converts generated deviation diversity into cor
rect, expert-aligned outputs. Among the baseline models, LLaMA 3.2 

exhibits the lowest efficiency (29.5%), indicating that most of its 
generated deviations are either redundant or incorrect. GPT-4o dem
onstrates relatively strong baseline efficiency (63.6%), reflecting better 
internal filtering mechanisms. RAG-based models show substantial ef
ficiency gains. RAG + GPT-4o achieves the highest efficiency (85.9%), 
indicating that most unique deviations are correct. RAG + GPT-4o-mini 
also demonstrates strong efficiency (80.4%), confirming that retrieval 
grounding substantially reduces noise. Although RAG + LLaMA 3.2 
improves over its baseline, its efficiency remains comparatively low 
(37.1%), suggesting persistent over-generation tendencies.

5.6. HAZOP-based assessment: safeguards and recommendations results

Fig. 14 presents the distribution of safeguards and recommendations 
across inherently safer design/passive (ISD/Passive), active, and pro
cedural categories for the reference worksheet and all evaluated models. 
This analysis provides insight into how closely the generated outputs 
reflect established safety engineering practices. The reference HAZOP 
worksheet exhibits a balanced safety strategy, with active safeguards 

Fig. 13. Optimal number of clusters for LLMs-based models determined by Elbow method.

Table 9 
Deviation analysis results for baseline and RAG-augmented models.

Model Total 
deviations

Unique 
deviations

Correct 
deviations

Average per 
sheet

Real unique deviations/ 
sheet

Valid deviation 
ratio

Correct / 
Unique

Efficiency

GPT-4o 563 280 178 5.93 8 74.13% 178 / 280 63.6%
GPT-4o-mini 372 235 113 3.77 8 47.13% 113 / 235 48.1%
LlaMa3.2 842 359 106 3.53 8 44.13% 106 / 359 29.5%
RAG+ GPT-4o 496 227 195 6.50 8 81.25% 195 / 227 85.9%
RAG + GPT-4o- 

mini
411 184 148 4.93 8 61.63% 148 / 184 80.4%

RAG + LlaMa3.2 910 377 140 4.67 8 58.38% 140 / 377 37.1%
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representing the largest proportion (43.75%), followed by ISD/passive 
measures (37.5%) and procedural controls (18.75%). This distribution 
reflects industrial practice, in which inherent and engineering controls 
are prioritized, while administrative measures serve a complementary 
role.

Among the baseline models, GPT-4o and GPT-4o-mini show a strong 
reliance on procedural safeguards, accounting for 52.6% and 61.5% of 
their outputs, respectively. This indicates a tendency to favor inspection, 
maintenance, and operational instructions over engineering-based pro
tections. LLaMA 3.2 exhibits a similar pattern, with 58.3% procedural 
safeguards and a relatively low proportion of ISD/passive measures 
(16.7%). Such distributions suggest that baseline LLMs tend to empha
size human-dependent and administrative controls, which are generally 
less reliable than physical and automated protections in safety-critical 
systems. These findings are consistent with prior work, which reported 
that LLM-generated HAZOP worksheets were dominated by procedural 
safeguards (approximately 74–81%), reflecting a systematic bias toward 
maintenance- and instruction-based controls rather than engineered 
layers of protection (Lee et al., 2026).

Incorporating retrieval-augmented generation leads to noticeable 
changes in safeguard composition. RAG + GPT-4o demonstrates the 
closest alignment with the reference worksheet in ISD/passive safe
guards, increasing their proportion to 31.3% compared to 21.1% for 
GPT-4o. It also maintains a balanced contribution from active (25.0%) 
and procedural (44.7%) measures compared to other models. This shift 
indicates that retrieval grounding encourages the model to incorporate 
more design- and equipment-based protections consistent with expert 
practices. RAG + GPT-4o-mini exhibits a dominant reliance on active 
safeguards (60.0%), with reduced procedural content (20.0%). This 
suggests that retrieval support enables smaller models to prioritize 
instrumentation and automated controls over administrative measures. 
Similarly, RAG + LLaMA 3.2 reduces procedural dominance compared 
to its baseline counterpart, however, procedural safeguards (55.6%) 
remain prevalent, reflecting the model’s continued tendency toward 
narrative and procedural reasoning.

Overall, RAG-augmented models consistently reduce over-reliance 
on procedural safeguards and promote greater inclusion of inherent 
and engineering-based protections. This indicates that grounding gen
eration in historical HAZOP records and technical documentation en
hances the models’ ability to emulate established safety design 
principles. Among all evaluated models, RAG + GPT-4o achieves a more 

balanced distribution and closer correspondence to the reference 
worksheet compared to other models, demonstrating an improved 
capability to integrate passive, active, and procedural measures in a 
manner consistent with professional HAZOP practice. These findings 
confirm that retrieval augmentation not only improves semantic accu
racy but also contributes to practically applicable safety recommenda
tions by encouraging models to prioritize robust engineering controls 
over human-dependent interventions.

Since the RAG + GPT-4o model achieved the best performance 
among evaluated models, it was further applied to two additional P&ID 
nodes to validate the proposed method across different process config
urations, as illustrated in Fig. 15. To provide a more comprehensive 
evaluation, an ablation study was also conducted on these nodes. Spe
cifically, role-based prompting was compared against role-based CoT 
prompting to evaluate the impact of structured reasoning, while the 
baseline BERT model (bert-base-uncased) was compared with the 
HAZOP-Adapted BERT model to assess the contribution of domain- 
specific semantic representations. Accordingly, six models were evalu
ated on each node, with each model executed 30 times under three 
temperature settings (0.1, 0.2, and 0.4). In total, this resulted in 12 
model configurations and 360 generated HAZOP worksheets. The same 
configurations applied to the reference node (Node #1) in this study 
were applied to these additional nodes. The generated worksheets were 
evaluated using BERT-based semantic similarity metrics, along with the 
valid scenario ratio to assess the correctness and completeness of the 
generated scenarios.

As shown in Fig. 15, the P&ID node #2 represents a gas-compressor 
cooling and liquid recovery system, while the P&ID node #3 illustrates a 
low-pressure separator. These nodes are part of a crude oil processing 
plant that aims to separate the crude oil into oil, gas, and water. The 
results of the BERT-based similarity metrics and valid scenario ratio are 
presented in Table 10 for Node #2 and Table 11 for Node #3. In addi
tion, the PCA with K-Means clustering results, along with the optimal 
number of clusters determined using the Elbow method, are provided in 
Appendix D for all models across both nodes.

Table 10 and Table 11 demonstrate that integrating RAG, GPT-4o, 
HAZOP-Adapted BERT, and role-based CoT prompting significantly 
enhances the ability of LLMs to generate more accurate and reliable 
HAZOP scenarios. The findings clearly highlight the impact of retrieval 
grounding. Across both nodes, RAG-based models consistently achieve 
higher precision, recall, and F1-scores, as well as substantial 

Fig. 14. Safeguard and recommendation distribution analysis across models.
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improvements in the valid scenario ratio. For example, in Node #2, the 
baseline GPT-4o with role-based prompting achieves an F1-score of 
82.75% and a valid scenario ratio of 25.72%, whereas the RAG-based 
model with HAZOP-Adapted BERT and CoT increases the F1-score to 
93.82% and the valid scenario ratio to 43.77%. Similarly, for Node #3, 
the baseline GPT-4o with role-based prompting achieves an F1-score of 
86.04% and a scenario ratio of 30.06%, while the RAG-based configu
ration improves these values to 93.31% and 48.2%, respectively. These 
results indicate that incorporating RAG with HAZOP-Adapted BERT and 
role-based CoT prompting enhances the valid scenario ratio by 
approximately 18%.

Comparing role-based prompting and role-based CoT prompting 
demonstrates the benefit of structured reasoning. For example, in Node 
#2, the F1-score increases from 82.75% to 84.92% when CoT is applied 
to GPT-4o, and from 91.56% to 93.82% for the RAG + HAZOP-Adapted 
BERT configuration, with the valid scenario ratio improving from 
39.34% to 43.77%. Similarly, for Node #3, CoT improves the F1-score 
from 86.04% to 86.15% for GPT-4o and from 93.04% to 93.31% for 

the RAG + HAZOP-Adapted BERT configuration, while the scenario 
ratio increases from 45.2% to 48.2%. Although the improvements are 
smaller than those achieved by RAG, they are consistent across both 
nodes, indicating that guiding the model through step-by-step reasoning 
enhances the completeness and coherence of the generated HAZOP 
scenarios.

In addition, the comparison between the baseline BERT and the 
HAZOP-Adapted BERT highlights the importance of domain-specific 
semantic representation. Across both nodes, replacing the base BERT 
with the HAZOP-Adapted BERT leads to noticeable improvements in all 
evaluation metrics. For example, in Node #2, under the RAG + CoT 
configuration, the F1-score increases from 91.08% to 93.82%, while the 
valid scenario ratio improves from 38.62% to 43.77%. For Node #3, the 
F1-score increases from 91.21% to 93.31%, and the scenario ratio in
creases from 42.54% to 48.2%. These improvements indicate that the 
domain-adapted model more effectively captures hazard-related termi
nology and process-specific relationships, thereby improving retrieval 
quality and enabling the LLM to generate more accurate and relevant 

Fig. 15. Node#2 shows a gas-compressor cooling system (Marhavilas et al., 2021), Node#3 shows a low pressure separator (Marhavilas et al., 2020).

Table 10 
BERT-based similarity metrics and valid scenario ratio for Node #2.

Model BERT_P BERT_R BERT_F1 Scenario 
ratio

GPT-4o + Role-based 
Prompt

0.8428 
± 0.0134

0.8133 
± 0.0068

0.8275 
± 0.0081

25.72%

GPT-4o + Role-based 
CoT Prompt

0.8607 
± 0.0158

0.8387 
± 0.0075

0.8492 
± 0.0097

26.02%

RAG + GPT-4o + base 
BERT + Role-based 
Prompt

0.9095 
± 0.0159

0.8723 
± 0.0123

0.8901 
± 0.0105

34.07%

RAG + GPT-4o + base 
BERT + Role-based 
CoT Prompt

0.9206 
± 0.0015

0.9017 
± 0.0043

0.9108 
± 0.0029

38.62%

RAG + GPT-4o 
+ HAZOP-Adapted 
BERT + Role-based 
Prompt

0.9245 
± 0.0014

0.9068 
± 0.0041

0.9156 
± 0.0028

39.34%

RAG + GPT-4o 
+ HAZOP-Adapted 
BERT + Role-based 
CoT Prompt

0.9492 
± 0.0163

0.9283 
± 0.0076

0.9382 
± 0.0101

43.77%

Table 11 
BERT-based similarity metrics and valid scenario ratio for Node #3.

Model BERT_P BERT_R BERT_F1 Scenario 
ratio

GPT-4o + Role-based 
Prompt

0.8627 
± 0.0093

0.8499 
± 0.0110

0.8604 
± 0.0077

30.06%

GPT-4o + Role-based 
CoT Prompt

0.8752 
± 0.0119

0.8495 
± 0.0065

0.8615 
± 0.0081

31.28%

RAG + GPT-4o + base 
BERT + Role-based 
Prompt

0.9370 
± 0.0094

0.8933 
± 0.0116

0.9139 
± 0.0078

39.87%

RAG + GPT-4o + base 
BERT + Role-based 
CoT Prompt

0.9252 
± 0.0109

0.9007 
± 0.0052

0.9121 
± 0.0066

42.54%

RAG + GPT-4o 
+ HAZOP-Adapted 
BERT + Role-based 
Prompt

0.9427 
± 0.0093

0.9199 
± 0.0110

0.9304 
± 0.0077

45.2%

RAG + GPT-4o 
+ HAZOP-Adapted 
BERT + Role-based 
CoT Prompt

0.9424 
± 0.0181

0.9253 
± 0.0128

0.9331 
± 0.0128

48.2%
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HAZOP scenarios.
The experimental results across the three P&ID nodes used in this 

study demonstrate that the proposed domain-augmented method 
consistently outperforms baseline LLMs across multiple evaluation di
mensions. In terms of semantic similarity assessment, RAG-based models 
incorporating HAZOP-Adapted BERT exhibit stronger alignment with 
expert-prepared HAZOP worksheets, achieving F1-Score exceeding 
92%, compared to approximately 82–87% for baseline models. Scenario 
analysis further indicates improved valid scenario ratios and more stable 
scenario generation, indicating closer correspondence with expert 
reasoning patterns. RAG-based models improved the valid scenario ratio 
by approximately 10–18%, with the RAG + GPT-4o + HAZOP-Adapted 
BERT + role-based CoT prompting achieving the highest ratio of 41.53% 
for the reference node (Node #1), 43.77% for Node #2, and 48.2% for 
Node #3. The ablation study further reveals that HAZOP-Adapted BERT 
contributes more to performance improvement (approximately 5–6%) 
than CoT prompting (approximately 1–4%), highlighting the impor
tance of domain-specific semantic representation in enhancing retrieval 
quality and downstream generation performance.

The deviation analysis of the reference node further confirms this 
advantage, as the proposed method generates a higher number of correct 
deviations and achieves substantially higher valid deviation ratios than 
baseline models. RAG + GPT-4o achieved the highest valid deviation 
ratio (81.25%), compared to 58.38% for RAG + LLaMA 3.2. Among 
baseline models, GPT-4o achieved the best performance (74.13%), while 
LLaMA 3.2 exhibited the lowest ratio (44.13%). In addition, the safe
guard and recommendation distribution analysis reveals that retrieval 
grounding promotes a more balanced integration of inherently safer, 
active, and procedural controls, thereby reducing the over-reliance on 
administrative measures observed in baseline LLMs. Collectively, these 
results highlight the effectiveness of combining domain-adapted em
beddings, dense retrieval, and controlled prompting to enhance the 
reliability and practical relevance of automatically generated HAZOP 
worksheets.

It should also be noted that the selected P&ID nodes focus on sce
narios associated with a subset of deviation types. For example, in the 
reference node (Node #1), eight deviations were considered, including 
more flow, less flow, no flow, reverse flow, high pressure, low level, less 
level, and loss of containment. While these deviations cover major 
operational hazards, other relevant deviation types may exist but were 
not represented in this case. Notably, the proposed method generated 
additional deviations, such as low and high temperature, low pressure, 
inadequate isolation, and corrosion, which were not documented in the 
real worksheets. This observation suggests that the proposed method is 
capable of identifying plausible hazards beyond the predefined scope, 
although further expert validation is required to assess their practical 
relevance.

Despite these promising results, several limitations should be 
considered for future investigation. First, the proposed method was 
applied and evaluated using three representative P&ID node, which 
limits the generalizability of the findings across different process con
figurations and industrial contexts. Future studies should validate the 
method on a broader range of nodes and plant sections to establish its 
robustness. Second, the quality and composition of the training corpus 
significantly influence model performance. In this study, historical BSEE 
incident reports were used as a major data source; however, these re
ports lack explicit deviation annotations, which may constrain the 
model’s ability to fully capture deviation-specific reasoning patterns. 
Third, the dataset employed for domain-adaptive pretraining of the 
BERT-base-uncased model represents approximately 0.5% of the orig
inal pretraining corpus (3.3 billion words), which may limit the extent to 
which domain-specific linguistic and semantic knowledge can be inter
nalized. Fourth, the valid scenario ratio remains relatively low 
(41.53–48.2%) compared with expert-prepared scenarios, indicating 
that the proposed method should be regarded as a decision-support 
system that complements, rather than replaces, expert judgment. This 

limitation is primarily attributed to the completeness of the knowledge 
base. Most of the HAZOP data extracted from the literature consists of 
partial worksheets that include only selected scenarios, while omitting 
others, resulting in incomplete coverage of HAZOP records. Only 11 
actual HAZOP reports were incorporated, which further restricts the 
diversity and comprehensiveness of the knowledge base. In practical 
deployment, the knowledge base should include a substantially larger 
collection of complete HAZOP studies to improve scenario coverage and 
reliability. Fifth, the top-K retrieval parameter was set to 10 without 
systematic optimization. Varying this value may affect the performance 
of RAG-based models in generating HAZOP worksheets. Therefore, a 
sensitivity analysis should be conducted to evaluate the impact of the K 
value on model performance. These limitations highlight the need for 
richer, more comprehensive HAZOP-specific datasets and broader 
empirical validation, which are expected to further improve scenario 
validity and enhance the overall reliability and practical applicability of 
the proposed method.

6. Conclusion

This study proposed an integrated, domain-specific method that 
combines domain-adaptive language modeling and retrieval-augmented 
generation (RAG) to support automated HAZOP worksheet generation. 
The method incorporates multimodal LLMs (GPT-4o and GPT-4o-mini) 
for generating P&ID node descriptions, HAZOP-Adapted BERT for 
improving domain-specific semantic representation, and FAISS-based 
retrieval for knowledge grounding. Unlike prior studies that rely 
solely on standalone LLMs—often resulting in nonfactual outputs and 
hallucinations, the proposed method enhances the reasoning capability 
of LLMs (GPT-4o, GPT-4o-mini, and LLaMA 3.2) by grounding genera
tion in contextual knowledge derived from historical HAZOP worksheets 
and incident investigation reports. This knowledge-grounded method 
improves both the accuracy and reliability of the generated HAZOP 
worksheets.

A total of 180 HAZOP worksheets were generated and benchmarked 
against a reference HAZOP worksheet extracted from the literature. In 
addition, an ablation study was conducted on additional two P&ID 
nodes to evaluate the impact of HAZOP-Adapted BERT and CoT 
prompting on model performance. The RAG-based models were evalu
ated and compared with baseline LLMs using two main criteria: (i) 
model-based assessment, based on semantic similarity (BERT-based 
metrics), and (ii) HAZOP-based assessment, including scenario genera
tion capacity, deviation analysis, and safeguard and recommendation 
distribution.

The findings indicate that the proposed method consistently out
performs baseline LLMs across multiple evaluation dimensions. In terms 
of semantic similarity assessment, RAG-based models incorporating 
HAZOP-Adapted BERT achieved F1-Score exceeding 92%, compared 
with approximately 82–87% for baseline models. For scenario analysis, 
RAG-based models incorporating HAZOP-Adapted BERT improved the 
valid scenario ratio by approximately 10–18%. In addition, the ablation 
study shows that HAZOP-Adapted BERT contributes more to perfor
mance improvement (approximately 5–6%) than CoT prompting 
(approximately 1–4%). For deviation analysis of the reference node, 
RAG + GPT-4o achieved the highest ratio (81.25%), compared to 
58.38% for RAG + LLaMA 3.2. In addition, safeguard and recommen
dation distribution analysis revealed that RAG-based models increased 
emphasis on passive and active protections, reflecting established in
dustry best practices. Collectively, these results demonstrate the po
tential of domain augmented LLMs for deployment in process industries 
to support the generation of more reliable HAZOP worksheets.

Despite these promising results, limitations remain. First, the pro
posed method was evaluated using three P&ID nodes, which limits the 
generalizability across different process configurations. Second, the 
quality and completeness of the training corpus directly affect model 
performance. In particular, the incident investigation reports used in the 
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knowledge base do not explicitly include HAZOP deviations. Third, the 
domain-adaptive pretraining corpus represents only a small fraction 
(approximately 0.5%) of the original BERT pretraining data, which limit 
the extent of domain specialization that can be achieved. Fourth, the 
valid scenario ratio remains relatively low compared with expert- 
prepared scenarios, indicating that the proposed method should be 
regarded as a decision-support system that complements, rather than 
replaces, expert judgment.

Future research will focus on extending the proposed method to 
multiple P&ID nodes and complete process units to improve generaliz
ability. Expanding the corpus with more HAZOP worksheets from past 
industrial projects and linking them explicitly to corresponding P&ID 
nodes is expected to further enhance model performance. In addition, 
incorporating larger-scale domain-adaptive pretraining is expected to 
strengthen knowledge representations and retrieval accuracy. A sensi
tivity analysis of the K value used in content retrieval will be conducted 
to evaluate how the number of retrieved items affects the ability of LLMs 
to generate accurate HAZOP worksheets. These directions will 
contribute toward the development of practical and scalable AI-assisted 
systems for automated HAZOP report generation.
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Appendix A

Prompt to generate P&ID node descriptions.
P&ID and HAZOP Context (GENERAL VIEW):
Piping and Instrumentation Diagrams (P&IDs) represent process equipment, pipelines, valves, and instrumentation for process plants. In HAZOP 

studies, a P&ID node is a logical section of the P&ID selected for detailed analysis by the HAZOP team to identify potential hazards and operability 
malfunctions. Each node typically includes one or more major equipment items (e.g., pumps, heat exchangers, vessels) together with the connecting 
lines, valves, and instruments that define the normal flow path.

ROLE:
You are a process engineer, participated in many HAZOP sessions. Your task is to explain the description of the P&ID node to the HAZOP team for 

the detailed analysis. Base your answer only on the information visible in the P&ID node image. If something is unclear or not shown, state that it is 
uncertain instead of guessing.

QUESTION:
Please describe the P&ID node shown in the image, including: 

• Design intent and normal operating conditions.
• Inputs and outputs streams to and from the node.
• Process flow and connectivity through the node.

Appendix B

B.1. Prompt to generate HAZOP worksheets.
ROLE:
You are a senior HAZOP facilitator conducting a HAZOP study in accordance with IEC 61882.
INTERNAL REASONING:
Reason step-by-step internally, but do NOT reveal chain-of-thought. Provide only the final structured HAZOP worksheet.
GOAL/TASK:
Use the provided evidence (retrieved node descriptions and their HAZOP scenarios + incident narratives and their causes, consequences, and 

recommendations) plus the given node image and description to generate HAZOP worksheet.
Analyze the provided node description and P&ID node image and the evidence to identify design intent elements (flow, pressure, temperature, 

level, containment, composition, isolation, Corrosion), then systematically apply HAZOP guide words (NO/NOT, MORE, LESS, AS WELL AS, PART OF, 
REVERSE, OTHER THAN) to generate deviations.

You MUST evaluate EACH deviation. If a deviation is not credible for this node, state "Not credible for this node" with a brief justification.
Stop when all credible deviations for this node are examined. Do NOT target or assume any fixed number of deviations.
For each credible deviation:
- Identify realistic causes.
- Identify realistic consequences.
- Identify safeguards ONLY if they are visible in the P&ID or explicitly stated.
- Propose required actions to address hazards, operability issues, or uncertainty.
CRITICAL INSTRUCTIONS:
- Generate ONE complete HAZOP worksheet for THIS RUN ONLY.
- Do NOT merge with previous runs.
- Do not invent equipment, tags, alarms, or safeguards not supported by the node description/image/evidence. If you are unsure, write "Not evident 
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from node/evidence".
- Each row = one deviation scenario.
- Each deviation may have multiple causes, consequences, safeguards, and recommendations.
- If evidence is insufficient, say "INSUFFICIENT_EVIDENCE" for that field.
- Use BSEE only to support realistic accident sequences and safeguards, not to force irrelevant items.
- If information is missing or unclear, write "Uncertain" and convert it into an action.
B.2. The real HAZOP worksheet of the reference node (Node #1) used in this study.

No. GW Deviation Possible Causes Possible Consequences Existing Safeguards Recommendations

1 More More water level in 
V- 106

P-102 Shutdown Poor desalinization in ME-101 LV-102 will close, Water will overflow to 
drain, High Level Alarm LT-102

Install a Backup P-102

2 More More water level in 
V- 106

Pipeline 
Blockage to P- 
102

Poor desalinization in ME-101 LV-102 will close, Water will overflow to 
drain, High Level Alarm LT-102

None

3 More More water level in 
V- 106

LV-102 Failure Water waste Water will overflow to drain, High Level 
Alarm LT-102

None

4 More More water level in 
V- 106

LT-102 Failure Water waste Water will overflow to drain Install a LSH alarm in V-106

5 Less Less Water Level in 
V-106

LV-102 Failure P-102 pumping air. Possible 
explosive environment in ME- 
101, Poor desalinization in ME- 
101

LSLL-119/126 will shutdown the 
transformer, Low Oil Level Alarm, Low Level 
Alarm LT-102, LV-102 by-pass line, Install a 
LSLL in V-106 to shutdown P-102

Install a LSLL in V-106 to 
shutdown P-102

6 Less Less Water Level in 
V-106

LT-102 Failure P-102 pumping air. Possible 
explosive environment in ME- 
101, Poor desalinization in ME- 
101

LSLL-119/126 will shutdown the 
transformer, Low Oil Level Alarm

Install a LSLL in V-106 to 
shutdown P-102, Schedule a 
regular LT-202 test.

7 Less Less Water Level in 
V-106

No potable water 
supply to the LV- 
102

P-102 pumping air. Possible 
explosive environment in ME- 
101, Poor desalinization in ME- 
101

LSLL-119/126 will shutdown the 
transformer, Low Oil Level Alarm, Low Level 
Alarm LT-102

None

8 Less Less Water Level in 
V-106

Blockage in the 
pipeline to V- 
106

P-102 pumping air. Possible 
explosive environment in ME- 
101, Poor desalinization in ME- 
101

LSLL-119/126 will shutdown the 
transformer, Low Oil Level Alarm, Low Level 
Alarm LT-102

None

9 More More Pressure in 
the discharge of P- 
102

Blockage in the 
line to crude oil 
pipeline.

Damage to P-102, Pipeline 
rapture

PSV-107 will open None

10 More More Pressure in 
the discharge of P- 
102

Increased Crude 
oil pressure

Damage to P-102, Pipeline 
rapture

PSV-107 will open, PSV-103/104 will open, 
High Pressure Alarm PT-101

None

11 More More flow from LV- 
102 to V-106

LV-102 Failure Water Waste High Level Alarm LT-102, Water overflow to 
drain

None

12 More More flow from LV- 
102 to V-106

LT-102 Failure Water Waste Water overflow to drain None

13 Less Less flow from LV- 
102 to V-106

LV-102 Failure P-102 pumping air. Possible 
explosive environment in ME- 
101, Poor desalinization in ME- 
101

Low Level Alarm LT-102, LSLL-119/126 will 
shutdown the transformer, Low Oil Level 
Alarm, LV-102 by-pass line

Install a LSLL in V-106 to 
shutdown P-102

14 Less Less flow from LV- 
102 to V-106

LT-102 Failure P-102 pumping air. Possible 
explosive environment in ME- 
101, Poor desalinization in ME- 
101

LSLL-119/126 will shutdown the 
transformer, Low Oil Level Alarm

Install a LSLL in V-106 to 
shutdown P-102

15 Reverse Reverse Flow from 
P-102 to V-106

Pump shutdown Sour crude oil to V-106, Oil spill 
in the unit, H₂S release, Fire 
hazard, Explosion hazard

Check valve at P-102 discharge, Check valve 
at injection point

None

16 No No flow from P-102 P-102 shutdown Poor desalinization in ME-101 Check valve at P-102 discharge, Check valve 
at injection point

Install a backup pump

17 No No containment in 
the pipelines after 
P-102

Pipeline failure 
due to corrosion

Loss of pressure in the water 
pipelines, Crude oil spill, H₂S 
Release, Explosion hazard, Fire 
Hazard

Check valve at injection point, H₂S detectors 
in the area.

Perform regular inspections on 
the pipelines

Appendix C

Sample of test sentences used to evaluate HAZOP-Adapted BERT versus baseline BERT in predicting masked tokens.

No. Sentence_with_[MASK] Real word Model Rank Predicted token Probability

S1 High pressure deviation may damage process [MASK]. equipment Adapted BERT 1 equipment 0.435
S1 High pressure deviation may damage process [MASK]. equipment bert-base-uncased 6 equipment 0.033
S2 Overpressure may result in equipment [MASK] and hydrocarbon release. failure Adapted BERT 1 failure 0.660
S2 Overpressure may result in equipment [MASK] and hydrocarbon release. failure bert-base-uncased 1 failure 0.411

(continued on next page)
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(continued )

No. Sentence_with_[MASK] Real word Model Rank Predicted token Probability

S3 A high-level alarm should [MASK] the emergency shutdown. initiate HAZOP-Adapted BERT 1 initiate 0.436
S3 A high-level alarm should [MASK] the emergency shutdown. initiate bert-base-uncased 5 initiate 0.056
S4 The operator must follow the lockout/tagout [MASK]. procedure HAZOP-Adapted BERT 1 procedure 0.534
S4 The operator must follow the lockout/tagout [MASK]. procedure bert-base-uncased 1 procedure 0.106
S5 The rupture disk provides secondary pressure [MASK]. protection HAZOP-Adapted BERT 2 protection 0.206
S5 The rupture disk provides secondary pressure [MASK]. protection bert-base-uncased 2 protection 0.067
S6 A high level alarm will [MASK] the emergency shutdown system. activate HAZOP-Adapted BERT 1 activate 0.310
S6 A high level alarm will [MASK] the emergency shutdown system. activate bert-base-uncased 1 activate 0.262
S7 Low liquid level can cause pump [MASK] and overheating. damage HAZOP-Adapted BERT 3 damage 0.045
S7 Low liquid level can cause pump [MASK] and overheating. damage bert-base-uncased 4 damage 0.016
S8 The flow transmitter monitors the process [MASK]. flow HAZOP-Adapted BERT 1 flow 0.431
S8 The flow transmitter monitors the process [MASK]. flow bert-base-uncased 1 flow 0.036
S9 The emergency shutdown system isolates the affected [MASK]. equipment HAZOP-Adapted BERT 1 equipment 0.150
S9 The emergency shutdown system isolates the affected [MASK]. equipment bert-base-uncased ______
S10 The interlock prevents unsafe process [MASK]. conditions HAZOP-Adapted BERT 3 conditions 0.099
S10 The interlock prevents unsafe process [MASK]. conditions bert-base-uncased ______ 0.435

Appendix D

Results of PCA with K-Means clustering, along with the optimal number of clusters determined using the elbow method, for Node #2 and Node #3. 
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Fig. 16. PCA with K-Means clustering for Node #2
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Fig. 17. Optimal number of clusters for Node #2 determined by Elbow method
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Fig. 18. PCA with K-Means clustering for Node #3
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Fig. 19. Optimal number of clusters for Node #3 determined by Elbow method

Data availability

Any data, models, or code generated or used during this study can be 
available by the corresponding author upon reasonable request.
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