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Research context 

• Steel manufacturing presents significant Safety, 

Health & Environmental (SHE) risks to employees, 

communities, the environment and organisational 

reputation.

• These risks are managed through management 

systems, standards, procedures and digital 

technologies. 

• Analysis and reporting of SHE trends can provide 

insights that support SHE management (SHEM).

• This project focuses on two digital reporting 

areas: incident reporting and employee 

competency reporting.

• Intended users are SHE representatives, 

managers, senior leaders, directors and 

employees across the organisation.



Research Problem

Tata Steel UK data is stored across separate third-party platforms, limiting integration between related datasets.

Incident data alone cannot show whether factors including training completions or staff and contractor competency are 
associated with incidents.

Existing systems create duplicated effort, inconsistent data quality and reduced analytical capability because of the 
limited integration between systems.

In both incident and competency reporting, the focus is largely descriptive and retrospective.

This drives the need to integrate and analyse key SHE datasets for a deeper insight and future AI enabled analysis.



Research Aim & Objectives

To design, develop and implement a proof of concept integrated 
SHE data solution by July 2027 that combines key datasets to 
support consolidated data management, analytical insight, and 

investigation of future SHE risks with a software implementation 
using SHE incident and competency data. 

Design, develop and implement a consolidated data structure that integrates incident 
and competency data, applying appropriate data quality, standardisation, and 

governance controls. 

Design, develop and implement an analytical solution that transforms the integrated 
data into standardised SHE performance measures, trends, and relationships across 

relevant sites and functions. 

Develop and evaluate a predictive machine learning model using historical incident 
and competency data to determine whether identifiable patterns provide meaningful 

indicators of future SHE risk. 



Literature Review 

• SHEM has progressed from a focus on compliance 

into a performance based and proactive approach 

[1].

• Research shows that the steel industry can include 

fragmented SHEM systems across sites and local 

practices [2].

• Historical incident data can reveal recurring 

patterns, associations and risk factors but is often 

an underutilised analytical tool [5].

• The usefulness of incident data is heavily reliant on 

reporting quality, completeness, and data quality 

factors [7].

• Competency and training can improve factors 

related to SHEM but there is limited evidence of its 

effect on incident reductions [8].
[13] 



Literature Review

• The research shows a shift towards predictive analytics 

with adoption not yet mature [11].

• Only a limited proportion of the reviewed research 

contains proactive or leading indicators, such as “safety 

training history.” [11] 

• Machine learning (ML) has been applied to injury 

classification, hazard prediction, accident prediction and 

risk identification [12].

• Sufficiently complete and consistent data is required to 

enhance predictive capability [11] [12] [15].

• The key research gap in the steel industry literature is 

that it does not demonstrate integration of workforce 

competency records with historical SHE incidents to 

analyse and investigate future SHE risk.

[11] 



Research/Development 
Methodologies

• Five years of historical SHE incident and competency data including 

variables such as site, area, location, incident details and training 

records.

• Rules will be implemented to clean, validate and standardise the data. 

Once finalised, these rules will be documented and discussed with 

stakeholders for review [15].

• Descriptive, comparative and relationship analysis will be conducted to 

identify frequencies, trends, patterns and associations [17].

• Validated data will be split into training and testing datasets to 

investigate the suitability of logistic regression, decision trees, random 

forests and potentially other ML models [18].

• Predictive performance will be evaluated using the F1 score, ROC-AUC, 

and other methods followed by stakeholder evaluations of outputs [14].



Project Workflow



Resources/Materials

• Subject to access and business 

preference from business owners, 

existing Tata Steel UK software 

infrastructure and deployment 

platforms will be used (likely, Google 

Cloud Platform).

• Access to incident and competency 

datasets.

• Stakeholder support from SHE 

department including senior leaders, 

Learning & Development, IT & Data 

Privacy teams.

• University support for academic 

guidance and project supervision.

• No additional project funding is 

required. The planned financial budget 

is £0.



Project Plan

• Planning, design and stakeholder 

engagement: gather further requirements 

and stakeholder feedback.

• Implementation and system development: 

core feature development including data 

model, dashboards, ML implementation 

and testing.

• Deployment and user adoption: final 

security and stakeholder checks, 

deployment into a Tata environment, 

producing user guidance and workshops 

and initial user/admin support.

• Validation: confirm the platform has 

reached a stable operational state

• Review and evaluation: document project 

to capture if requirements have been met, 

review with stakeholders, document 

limitations and areas for future 

development. 



Project Impact & 
Limitations

IMPACT

• A consolidated view could create greater value from 

existing data.

• Analysis of both datasets could support more targeted 

resource allocation, training decisions and incident 

prevention discussions. An enterprise solution would assist 

SHEM through a connected view of major influencing 

factors of SHE through the use of data.

• The project supports a shift from predominantly reactive 

reporting to proactive SHEM.

LIMITATIONS

• The project does not represent a complete enterprise 

solution for SHE and Tata Group.

• Data availability and quality restrict the reliability of output 

from the proof of concept and enterprise solution.

• The relationship and associations between data may show 

correlation but cannot establish causation.

• Incident and competency data may be unrelated. The 

project may imply a connection between the data that is not 

reflective of reality.



Conclusion

• SHEM is moving towards an integrated analytical 

and proactive approach [1] [2] [3] [4].

• Current methods are separated by multiple 

isolated systems, limiting combined analysis and 

insight [2].

• The project will integrate incident and 

competency data to demonstrate the value of 

connecting previously isolated SHE data sources.

• The project will assess whether this connection 

will provide meaningful relationships and 

indicators of future SHE risk [8] [11] [12] [14].

• Successful delivery could provide a foundation 

for broader integrated SHE analytics and more 

proactive SHEM [1] [4] [11].
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