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Abstract
Workplaces handling chemicals require an up-to-date and comprehensive assessment of the potential risks for their workforce. 
Online safety data sheets (SDSs) inventories provide adequate information to perform risk assessments. However, current 
practices that manually import information from SDSs into the online inventories are time-consuming, leading to delayed or 
inadequate risk assessments. This study presents a pipeline using large language models (LLMs) to automate the extraction 
and management of data from SDSs to online chemical inventories. The pipeline achieved an average accuracy of 0.83 in 
(close to precisely) extracting multiple variables of interest, such as company name, product name, and hazard statements, in 
comparison to manually extracting these variables. Overall, this pipeline illustrates the ability of LLM tools to automate SDS 
inventory management and thereby support the possibility to perform up-to-date risk assessments and evaluation tasks on the 
work floor, ultimately contributing to occupational safety.
Keywords: large language models; occupational safety; safety data sheets; text extraction.

What’s Important About This Work?

This study produced a software pipeline involving large 
language models (LLMs) that semiautomate the transfer 
of safety data sheet information into online chemical in
ventories. While a level of manual control remains neces
sary, this work shows that LLMs may be able to 
automate information extraction, which is promising 
and could support occupational health risk assessments.
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Introduction

Ensuring compliance with (inter)national regulatory 
standards is crucial for safeguarding occupational 

health and safety. European Union legislation man
dates the use of safety data sheets (SDSs) for all occupa
tions involved in handling chemical substances 
(European Comission. 2006). As new products are con
tinuously introduced at a company level, the need for 
accurate, accessible, and regularly updated safety infor
mation remains important for determining chemical 
risks and thereby preventing occupational health out
comes (NIOSH 2009; Nayar et al. 2016; Demasi et al. 
2022; Otten et al. 2022).

In practice, companies face challenges in staying up 
to date with the newest versions of SDSs. For larger 
companies, the complexity is amplified by using a 
wide range of chemical products, resulting in vast data
bases of dozens to hundreds of SDSs. The current prac
tice of manually transferring SDS information into 
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online chemical inventories is time-consuming, which 
can lead to delays and incomplete chemical inventories, 
possibly hampering efficient risk assessment in the 
workspace. One of the main efforts to tackle these chal
lenges surrounding risk assessment and subsequently 
prevention focuses on automation of data (eg SDSs) 
management processes, which improves efficiency and 
provides a comprehensive overview of chemical 
inventories.

While automated data management processes exist, 
these are often based on pattern and format recogni
tions (eg regular expressions), which limit their usabil
ity for unstructured data files such as written text 
(Bartoli et al. 2016; Suman et al. 2024). Recent ad
vancements in large language model (LLM) technology 
have notably increased their natural language process
ing capabilities, including text extraction, summariza
tion, and question answering (Raiaan et al. 2024; 
Usman Hadi et al. 2024).

The introduction of LLM frameworks like Google’s 
BERT (Bidirectional Encoder Representations from 
Transformers), OpenAI’s generative pretrained trans
former (GPT), and Meta AI’s Llama has led to numer
ous applications supporting occupational tasks, such 
as data analyses or customer support (Devlin et al. 
2019; Touvron et al. 2023; Usman Hadi et al. 2024). 
Clear examples encompass the use of LLMs in patient 
services (Javaid et al. 2023), sentiment analyses and re
port generation in the finance sector (Araci 2019), or 
summarizing biomedical papers with BioBERT (Lee 
et al. 2020). Within the occupational risk assessment 
domain, the use of LLMs for extracting information 
from textual documents, such as SDSs, seems promising 
(Suman et al. 2024).

Here, we developed and evaluated a pipeline using 
OpenAI’s GPT models (OpenAI 2024a) to extract text- 
specific information from SDSs and transform it into a 
usable format suitable for SDS inventory software. We 
also explore the limitations of the pipeline and discuss 
the potential of multiple optimization strategies.

Method and pipeline

The following variables were selected for text extrac
tion from SDSs: company name, product name, signal 
word, SDS version number, release date, hazard state
ments (H-phrases), and physical status. Together, these 
variables provide the required data to identify the SDS 
and extract useful information for the inventory.

Performance of the pipeline was assessed by imple
menting a matching algorithm that compares the 
LLM output against the manually extracted data, 
which is the standard for extracting SDS data. A binary 
scoring system is used where, originally, a match is clas
sified “good” if the LLM output is fully identical to the 
manually extracted variable. A single deviation from 

the manual output classifies the LLM output as “no” 
match. The accuracy per variable is defined as the num
ber of correct predictions (sum true negative and true 
positives cases) divided by the total number of cases.

In total, the pipeline underwent 3 iterations (IT1 to 
IT3) to optimize the process of correctly extracting 
the variables. Improvements were made in (i) the selec
tion process of the context (ie the correct chapter), (ii) 
adding precleaning steps on the selected context before 
entering it into the LLM, (iii) refining the task descrip
tion of the prompt, since it influences the output of a 
LLM (Chen et al. 2023), and (iv) adding multiple post
process cleaning steps (further specified below) of the 
LLM output.

For IT1 and IT2, the same SDS database was used 
(N = 470). For IT3, a new SDS dataset (N = 462) was 
used to ensure the pipeline adjustments were not over
fitted for the initial dataset. The SDS databases, and a 
manually indexed database, were obtained from an on
line SDS inventory which is managed by an 
Occupational Health & Safety Institute.

SDSs in PDF format were processed using the 
PyMuPDF library (PyMuPDF 2024) to extract text 
line by line and convert it to string format. Next, we 
use regular expressions for selecting relevant sections 
in the SDS for each of the variables mentioned above. 
Since SDSs have a standardized structure, these varia
bles can always be found in the same sector of a docu
ment. OSHA describes the required structure of a SDS 
extensively, which we recommend readers to consult 
for a comprehensive overview (Standard and Sheets 
2006). In short, each SDS comprises of 16 sections which 
are named: “Identification”, “Hazard Identification”, 
“Composition/Information of Ingredients”, “First-Aid 
Measures”, “Fire-Fighting Measures”, “Accidental re
lease measures”, “Handling and storage”, “Exposure 
controls/personal protection”, “Physical and chemical 
properties”, “Stability and reactivity”, “Toxicological 
information”, “Ecological information (Non-manda
tory)”, “Disposal considerations’, “Transport in
formation (Non-mandatory)”, “Regulatory 
information (Non-mandatory)”, and “Other informa
tion”. These section names were used as markers to iden
tify the relevant context for the LLM (Fig. 1).

For each variable, a specific prompt (ie description of 
the task to be executed by the LLM), paired with the 
relevant context (ie, the SDS section in which the vari
able is expected to be present), was put into the LLM. 
The GPT3.5-turbo (GPT3.5) and GPT4-omni 
(GPT4-o) models developed by OpenAI (Brown et al. 
2020; OpenAI 2024b) were used to identify the variable 
of interest within the selected context.

In the first iteration (IT1), no cleaning steps of the se
lected context or postprocessing of the output occurred 
to deliberately observe the LLM’s ability to provide the 
desired information with minimal modification.
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In the second iteration (IT2), we added preprocessing 
steps that remove newline and whitespace characters 
from the strings, refined the prompts to obtain the out
put in a format that is similar to the format required in 
online chemical inventories (eg “provide one word in
stead of a sentence describing the word”). Moreover, 
we expanded the number of variables to be extracted 
from the SDS with the variable “physical status.” 
Finally, after examining IT1 results, we added postpro
cessing steps and adjusted the matching algorithm, al
lowing slight deviations from the manual answer to 
be considered a “good” match. Examples for these 
postprocessing steps are as follows: 

• Company name: If trademark symbols (eg ™ or ®) 
were missing or present, while the manual output 
showed the opposite, we determined it to be a 
“good” match.

• Signal words: If the LLM-output provided punctu
ation while the manual output did not (eg 
“Danger.” vs “Danger”), we deleted the punctu
ation mark during the postprocessing.

• Release date: Date formats can contain different 
punctuation marks (eg slash, hyphen, or a period). 
We transformed all punctuation marks to a hyphen 
(−), so that the matching algorithm recognized it as 
a “good” match.

Iteration 3 (IT3) contains a final optimization of 
prompt description (ie “provide output in Dutch”) 
and contains additional variables of interest (CAS num
bers and the product composition). Moreover, we ap
plied the newer GPT4-o version, which was released 
during pipeline development. Prompts of iteration 3 
can be found in the Supplementary material.

Results and discussion

Table 1 shows the pipeline’s progression with each it
eration, with the most noticeable improvement hap
pening between IT1 and IT2 as average accuracy 
increased from 0.39 to 0.75, while IT3 shows slight
ly improved accuracy scores (average = 0.83) com
pared to IT2. These results show that minor 
adjustments in postprocessing of the LLM output 
and better prompt descriptions may significantly im
prove accuracy. In general, prompt refinement 
should be considered a main improvement, since it 
has a high impact on the provided LLM output 
(C. Li et al. 2021; P. Li et al. 2021; Y. Li et al. 
2021; Suman et al. 2024). Identifying which factors 
contributed most to the increased accuracy is chal
lenging, since they were simultaneously applied and 
differed between variables. The performance increase 
between IT2 and IT3 can largely be attributed to the 
implementation of the newer GPT4o model, which 
has been shown to outperform earlier versions on 
academic benchmarks (Achiam et al. 2023). 
However, looking at individual variables, we can 
see that IT3 performed worse than IT2 for identify
ing the company name (0.09 decrease in accuracy). 
This could originate from certain postprocessing 
steps in the pipeline optimized for the dataset used 
in IT1 and IT2. Moreover, potential errors in our 
validation dataset from iteration 3, which is manual
ly extracted and compared, could also influence our 
evaluation here (Table 1).

In the third and final iteration, the list of variables 
was expanded with the CAS numbers and the list of in
gredients of the product. The LLM outputs for IT3 
showed accuracy scores of 0.87 and 0.90 for CAS num
bers and ingredients list, respectively.

Fig. 1. Graphical representation of pipeline development and evaluation. In total, 3 iterations were performed to increase the pipeline 
performance. Abbreviations: GPT, generative pretrained transformer (model); PyMuPDF, a Python library that enables the import of 
PDFfiles. Graphical representation created using Drawio software - http://drawio.com.
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Further improvements are expected to be achievable 
by changing the way the context is imported for the 
LLM. The current method for importing PDFs introdu
ces errors, since it reads the PDF file line by line, while 
some information (eg release date) is stored vertically. A 
promising approach involves using the image-to-text cap
abilities of the GPT4 models or the UniTable framework 
(Peng et al. 2024; OpenAI 2024b), which extracts infor
mation directly from a table without first forcing it into 
string format.

Finally, fine-tuning is another method to improve 
LLM performance, whereby an LLM is trained on a 
topic-specific dataset. However, fine-tuning requires 
an elaborate dataset of input–output pairs that resem
ble the expected context and desired response (Raffel 
et al. 2020; Vatsal and Dubey 2024), which can be 
time-consuming to construct. This raises the question 
of what level of accuracy for LLM-driven data handling 
would be acceptable when compared to the current 
manual methods. One can imagine when working on 
highly sensitive topics (eg LLM-derived cancer progno
sis (Sun et al. 2024)), the margin of accuracy should be 
higher than the average 0.83 reported here, making 
fine-tuning worth the effort. Similarly, achieving more 
accurate outputs for the SDSs is necessary for certain 
key hazard variables, such as H-phrases and CAS num
bers, while a small deviation in the company name 

could be more acceptable. A recent study found that 
manually SDS indexing yielded an error rate between 
5 and 10%, depending on the variable (Khan et al. 
2025). This could set a target for LLM approaches to 
match or surpass manual extraction methods in 
accuracy.

Within the occupational health and safety domain, 
many other documents are used for which LLM meth
ods could enhance data extraction. Given that SDSs fol
low a (semi-)structured format, it would be interesting 
to expand this work to more unstructured text formats 
such as exposure or incident reports (Smetana et al. 
2024). Summarizing large amounts of text requires a 
more nuanced understanding of the context by the 
LLM and is an ongoing field of development (Pu et al. 
2023; Chang et al. 2024; Mullick et al. 2024).

Conclusion

Overall, this pipeline functions as a support tool and 
shows to be well-suited for automatic extraction of 
less critical variables, such as company and product 
name, for which small deviations from the original 
SDS variables are tolerable. The results demonstrate 
that significant improvements can be achieved with 
relatively minor adjustments in the postprocessing 

Table 1. Overview of pipeline performance expressed in accuracy scores for the 3 iterations for each of the variables of interest that were 
extracted from the safety data sheets.

Iteration Variable Nr. SDS Good match No match Accuracy

IT1 Product name 470 262 208 0.56
Company name 287 183 0.61
Signal words 178 292 0.38
Document version 284 186 0.60
Release date 55 415 0.12
H-phrases 30 440 0.06

Iteration Variable Nr. SDS Good match No match Accuracy

IT2 Product name 470 356 114 0.76
Company name 421 49 0.90
Signal words 413 57 0.88
Document version 363 107 0.77
Release date 254 216 0.54
H-phrases 333 137 0.71

Physical status 321 149 0.68

Iteration Variable Nr. SDS Good match No match Accuracy

IT3 Product name 462 386 76 0.84
Company name 374 101 0.81
Signal words 435 27 0.94
Document version 376 86 0.83
Release date 341 121 0.74
H-phrases 377 85 0.89
Physical status 367 95 0.80
CAS numbers 404 59 0.87
Ingredients product 416 47 0.90
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and future LLM development, though perfect accuracy 
will remain challenging.

The rapid advancements in the field of LLM applica
tions have the potential to significantly fasten and im
prove data management of documents (among which 
SDSs) that support efficient risk assessments, thereby 
leading to a safer workplace when working with haz
ardous materials.

Supplementary material

Supplementary material is available at Annals of Work 
Exposures and Health online.
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