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Executive summary
• Empirisys: who we are

• Extracting PIFs from accident 
reports

• Conclusions, future work, and 
challenges

• Our solution: DETECT
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Context
Why PIFs?

• Human error is often identified as a root-cause in 
accident reports

• Rooted Performance Influencing Factors (PIFs): 
subtle, difficult to spot and often have 
their origins deep within the organisation and far from 
the point of the event.

• PIFs make up more than 50% of the root causes  of 
accidents (HSE, 2019).



Purpose of the study
3 months research – MSc dissertation (Data Science 
and Analytics – Cardiff University)

Research questions:

1. Can we extract contributing factors from accident 
investigation reports?

2. Can we identify Performance Influencing Factors 
through the usage of Natural Language Process 
modelling techniques?



Data source
• Source: Accident report from United States 

Department of Interior, Bureau of Safety and 
Environmental Enforcement

• Period: from 2014 to 2021

• Number of reports: 390

• Identifiable accident causes: 1356



Report sample



Report sample



Data preparation



Data preparation
PDF/ Text file

text strings

Extracted 
information

Dataframe

Regular expression

Final processed 
data

Filter out noise & break down
by paragraph



• Initial approach: categorise PIFs as 
the ones provided by Health and 
Safety Executive (HSE).

• Challenge: Accuracy limited by 
the content from the reports.

• Final approach: use higher level 
categories (U.S. Department for 
Energy)

PIF Categories



Higher level categories (U.S. Department of 
Energy 2009):

• Software failure

• Equipment failure

• Procedures violation

• Lapses

• Organisational factor

• No PIF (to filter out extraneous texts)

Final Categories



Methodology
• Generative Pre-trained Transformer

• Artificial intelligence model

• Specifically designed to understand and generate human-
readable text



Consist of three parts:

1. A fixed string detailing the six pre-
defined categories alongside their 
definitions.

2. A variable string incorporating text 
from the data frame.

3. A fixed string constraining the 
output to a singular category 
name.

Prompt formulation 



Performance evaluation
• Randomly drawn 25 samples from each category

based on the result -> 139 samples in total

• Manual annotation from Empirisys SME and 
comparison to GPT 3.5's outputs for alignment.

• Accuracy is calculated by the proportion of matching 
result.

RESULTS

• GPT 3.5 misclassified 42 out of 139 validation 
samples.

Accuracy = 70%



Prompt formulation 
Prompt 1 - fixed string detailing the six pre-defined categories alongside their definitions.

Prompt 2 - A variable string incorporating text from the data frame.

Prompt 3 - A fixed string constraining the output to a singular category name.



Results



Breakdown of incorrectly classified accident causes:

a. The model forces the classification of PIFs - 16/42 (38%) belong to NO PIF category

b. 12/22 (54.5%) Organisational failures misclassified as Lapses by the model

c. Lapses were hardly misclassified 4/42 (9.5%)

a

b

c

Performance evaluation

All human annotated procedure violations were correctly identified by the 
model



Trends over time



Conclusions
• LLMs techniques have proven effective in 

extracting key information from accident 
reports

• Reports don’t provide an accurate 
description of ‘how’ and ‘why’ an accident 
has unfolded, so the correct identification of 
Human Factors from accident reports is 
limited

There are two ways to address this problem



Reactive vs Proactive
1. Write better accident reports:

• Reactive approach

• Requires operational change on a global scale

• High effort, low impact

2. Systematically and continuously extract, 
identify and analyse Human Factors from 
existing Operational and Organisational 
data sources
• Proactive approach

• Requires strategic change of perspective

• Medium effort, very high impact



Our Solution
AI-powered Human Factors solution designed for and by and for Process Safety Professionals.

Make your organisation safer, more reliable, and more competitive by systematically managing 
your organisation’s Performance Influencing Factors.

Our research partners: Developed in collaboration with:



Our approach

Prototype Pilot

PoC MVP
Can this be 
developed?

How should this 
be developed?

Do users want 
this?

How does this work 
with users?
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MVP 01
PRE

MVP 02
TEST

MVP 03
ALPHA

MVP1 (Apr – Jun ’23)
Based on initial wireframes to 
establish user needs. 
Goal: Desirability.

MVP2 (Jul – Oct’23)
Based on initial r&d, real output, 
manual effort. 
Goal: Feasibility.

MVP3 (Nov ‘23 – Mar’24)
Based on end-to-end production 
deployment, to establish practical 
usability in the field. 
Goal: Viability.



We're looking for collaborators and early 
adopters to help us shape the direction of 
DETECT.

• Visit us at our Empirisys stand to have a chat 
and see a demo of our second MVP

• Contact us at detect@empirisys.io

Get involved!



Appendix



Correlation between each category

Correlation index:

𝑁𝑜. 𝑜𝑓 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠 𝑤𝑖𝑡ℎ 𝑡ℎ𝑒 𝑐𝑜𝑟𝑟𝑒𝑠𝑝𝑜𝑛𝑑𝑖𝑛𝑔 𝑐𝑜𝑚𝑏𝑖𝑛𝑎𝑡𝑖𝑜𝑛

𝑁𝑜. 𝑜𝑓 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠 𝑤𝑖𝑡ℎ 𝑡ℎ𝑒 𝑝𝑟𝑖𝑚𝑎𝑟𝑦 𝑐𝑎𝑢𝑠𝑒
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