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HARNESSING AI FOR UNSTRUCTURED DATA ANALYSIS IN MINING: A CASE 
STUDY IN SUSTAINABILITY AND SAFETY 

 

EXECUTIVE SUMMARY 

This white paper explores an innovative approach to analysing unstructured Visible 

Felt Leadership (VFL) data in the mining industry by harnessing the power of large 

language model (LLM) technology. We highlight how this method has achieved a 

remarkable 90% accuracy in extracting valuable insights from text descriptions, setting 

the stage for enhanced safety culture and sustainability initiatives. The paper also 

delves into the challenges of analysing unstructured data within expert systems, 

outlines our methodology and implementation process, and presents our findings and 

potential future developments for this technology. 

1 INTRODUCTION 

 

1.1 Background 

Safety and sustainability are important factors in the mining industry. Making it 

essential to use all the available data effectively. One important way to create a strong 

safety culture is through Visible Felt Leadership (VFL), where managers and 

executives actively engage with the workforce. 

The insights and feedback gathered during these interactions are invaluable. 

However, the challenge arises when this information is captured in free-form text, 

effectively locking away the rich data and hindering proper analysis. 

These VFL sessions provide a unique window into the current situation, offering a 

glimpse into the workers' thoughts and sentiments, the effectiveness of leadership, 

and other critical aspects.  

However, the unstructured nature of the text data has posed a significant hurdle in 

gaining a comprehensive overview and extracting meaningful insights. Consequently, 



 HARNESSING AI FOR UNSTRUCTURED DATA ANALYSIS IN MINING: A CASE STUDY IN 
SUSTAINABILITY AND SAFETY 

Page 2 of 22 

Confidentiality Statement - The contents of this document, including system ideas and concepts, are confidential and proprietary in nature and are not to  be 

distributed in any form without the prior written consent of NxGN (Pty) Limited. 

[OFFICIAL] 

a wealth of potential learnings and improvements have remained untapped. The good 

news is that with the right tools and techniques, we can begin to unlock the potential 

of this unstructured VFL data and harness its value. 

While the task is not without its challenges, given the complexities of natural language, 

context dependency, and the unique jargon and obstacles inherent to the mining 

industry, the rewards are substantial. By investing the necessary effort, we can extract 

meaningful and actionable insights that will elevate our safety and sustainability 

initiatives to new heights. 

1.2 The Challenge of Unstructured Data in Mining 

Mining operations produce large amounts of unstructured data on a daily basis, 

covering areas such as safety reports, leadership interactions, and sustainability 

initiatives. Examples of these data types include the following: 

• Daily safety briefings and debriefings  

• Incident reports and near-miss logs 

• Employee feedback and suggestions 

• Leadership walkthrough observations 

• Environmental impact assessments 

Traditional data analysis methods often struggle to capture the subtleties and themes 

in this unstructured data, resulting in many valuable insights remaining undiscovered. 

The methods typically rely heavily on searching for specific words or pre-defined 

categories. However, these approaches can cause us to miss important information 

that depends on the context and subtle patterns within the text. Furthermore, the 

mining industry has specific challenges that make analysing unstructured data even 

more complex. 

Mining companies have been looking for better ways to use written information to 

improve safety, efficiency, and sustainability. They need to find a way to use this 

unstructured data's large amount of information. 
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2 CHALLENGES IN ANALYSING UNSTRUCTURED TEXT DATA IN EXPERT 

SYSTEMS 

 

2.1 Complexity of Natural Language 

Language is complicated because it depends heavily on context and needs to be 

clarified. Unlike structured data, which follows a specific format, unstructured text can 

include many elements. 

• Idioms and colloquialisms: Mining-specific phrases that general analysis 

tools might struggle to comprehend. 

• Industry-specific jargon: Technical terms and abbreviations unique to the 

mining domain. 

• Contextual nuances: Meanings that can vary based on the situation being 

described. 

• Sarcasm and humour: Expressions that can easily be misconstrued if 

interpreted literally. 

• Implicit information: Details that are assumed rather than explicitly stated, 

relying on shared knowledge within the industry. 

The factors mentioned challenge traditional rule-based systems in accurately 

understanding and extracting valuable information from text data. For example, "the 

face looked sketchy" could have different meanings in regular conversations 

compared to the mining context, where it might signal a potentially unsafe rock face. 

2.2 Lack of Standardisation 

In expert systems employed for Visible Felt Leadership (VFL) in mining, there often 

needs to be more consistency in how information is recorded. Different individuals may 

describe the same situations in disparate ways, resulting in: 

• Inconsistent terminology for identical concepts 

• Varying levels of detail in their accounts 

• Unique writing styles and preferences 
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• Inconsistent use of technical jargon or abbreviations 

This lack of standardisation presents significant obstacles for automated analysis 

systems, which must be sufficiently adaptable to interpret and categorise the diverse 

ways similar events or observations are described. 

2.3 Volume and Velocity of Data 

Mining operations generate an immense volume of text data daily, including: 

• Shift reports from various operational areas 

• Safety observations from numerous employees 

• Maintenance logs for a wide range of equipment 

• Environmental monitoring reports 

• Regulatory compliance documentation 

The amount of information is enormous, and it is essential to use this data to make 

good decisions quickly. Processing so much data by hand is impractical and takes too 

much time. 

Automated systems that quickly process large amounts of data without sacrificing 

accuracy are vital. Since data flows continuously, it's also essential for these systems 

to update their analysis in real-time to provide the most current insights. 

2.4 Interdependencies and Relationships 

Understanding the connections between different pieces of information is essential in 

expert systems. For example, regarding VFL data, it's crucial to link leadership actions 

with safety outcomes. This means figuring out the complex relationships that the text 

might not clearly state. These relationships could involve: 

• The impact of specific leadership behaviours on employee safety practices. 

• The influence of particular safety initiatives on incident rates over time. 

• Correlations between environmental conditions and safety performance. 

• The link between maintenance practices and productivity. 
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To identify and analyse these connections, we require advanced algorithms capable 

of drawing inferences from multiple data points over extended periods. 

2.5 Domain Expertise Requirement 

Analysing unstructured text in expert systems often necessitates a deep 

understanding of the specific domain. Without this expertise, it can be challenging to: 

• Differentiate between critical insights and irrelevant details. 

• Comprehend the significance of technical observations. 

• Identify subtle indicators of potential issues. 

• Interpret data by industry best practices and regulations. 

Automated systems must incorporate this domain knowledge to provide meaningful 

analysis. This typically requires close collaboration between data scientists and 

industry experts to develop and refine the analytical models. 

2.6 Balancing Precision and Recall 

When extracting insights from unstructured text, there is often a trade-off between 

precision (the accuracy of the insights) and recall (the comprehensiveness of the 

insights). Finding the right balance is particularly crucial in safety-critical industries like 

mining. For instance: 

• High precision enables accurate identification of serious safety concerns but 

may overlook less apparent issues. 

• High recall captures a wide range of potential safety problems but may also 

include false positives that can distract from more critical concerns. 

The objective is to develop a system that strikes this balance, delivering 

comprehensive insights without overwhelming users with irrelevant information. 

2.7 Integration with Structured Data 

Analysing unstructured text data alone is not enough; it must be combined with 

structured data. It is akin to assembling a puzzle: the text provides valuable insights, 

but the structured data is necessary to comprehend the situation entirely. 
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For example, to gain a thorough understanding of safety, more than reviewing 

individual observations is needed. This information must be correlated with actual 

incident data, including the number and types of accidents and when and where they 

occurred. The structured data provides the factual foundation to support the insights 

gleaned from the text. 

Similarly, linking leadership interaction analyses to employee performance metrics 

enables an assessment of leadership effectiveness. The structured data provides a 

quantifiable connection between the quality of interactions and team performance. 

Maintenance logs are another significant area where integrating structured and 

unstructured data is valuable. Connecting maintenance logs to equipment failure rates 

helps identify patterns and trends. If specific machines experience frequent 

breakdowns, the logs can be investigated to determine if there are any red flags in 

their maintenance practices. The structured data on failures guides the exploration of 

the unstructured text. 

Integrating observations with sensor data is crucial for environmental issues. The text 

provides the human perspective, while the sensors give quantitative measurements. 

The combination of the two yields a more comprehensive picture of the environmental 

conditions. 

The challenge is that these data types must be balanced. Systems capable of 

seamlessly blending insights from structured and unstructured sources and 

sophisticated algorithms are required to establish connections, visualise relationships, 

and deliver meaningful insights. While complex, this integration is essential to 

obtaining a complete understanding. 

2.8 Ensuring Privacy and Confidentiality 

Text data often contains sensitive information, necessitating that any system analysing 

this data prioritises privacy and confidentiality. This is particularly important when 

dealing with: 

• Personnel-related details in VFL reports. 

• Health and safety incidents involving specific individuals. 
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• Proprietary operational information. 

• Commercially sensitive data. 

Striking the right balance between gaining insights and protecting privacy requires 

robust data governance practices and careful consideration of how insights are 

presented and shared. 

2.9 Scalability and Consistency 

As mining operations expand or evolve, the analytical system must be capable of 

scaling up and maintaining consistent analysis across various aspects, including: 

• Different sites and geographical locations 

• Various operational teams and departments 

• Multiple languages and cultural contexts 

• Changing operational conditions over time 

Ensuring that the analysis remains consistent and highly quality across these diverse 

environments is critical to extracting reliable, actionable insights from the data. 

3 PROJECT OVERVIEW 

 

3.1 Client Profile 

Our client is a diversified mining company with operations spanning multiple 

continents. They're an industry leader known for their unwavering commitment to 

safety, sustainability, and technological innovation. The company's operations include: 

• Open-pit and underground mines 

• Processing facilities 

• Transportation and logistics operations  

• Environmental rehabilitation projects 
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With over 50,000 employees and contractors, the company generates a mind-boggling 

amount of unstructured data daily while analysing various operational and safety 

processes. 

3.2 Objectives 

The main goal of this project was to investigate whether large language model (LLM) 

technology could effectively analyse unstructured sustainability data, primarily 

focusing on Visible Felt Leadership (VFL) interactions.  

We had some specific objectives in mind: 

• Extract meaningful insights from VFL text descriptions that were previously 

challenging to analyse at scale. 

• Identify patterns and trends in leadership behaviours and their impact on safety 

culture. 

• Develop a scalable and accurate method for analysing unstructured text data 

throughout the organisation. 

• Provide actionable insights to enhance safety practices and leadership 

effectiveness. 

• Showcase the potential of AI technology in improving mining operations and 

sustainability efforts. 

We wanted to see if LLMs could help us make sense of all that unstructured data and 

turn it into something useful. 

3.3 Scope of Analysis 

The project involved analysing 100 VFL interaction records for each predefined 

question, concentrating on extracting meaningful patterns. The scope included: 

• Data Collection: Gathering VFL reports from various operations over six 

months. 

• Question Development: Collaborating with the client to formulate questions 

that address critical areas of interest in safety and leadership. 

• LLM Analysis: Applying advanced LLM technology to analyse the text data 

and extract relevant insights. 
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• Validation: Comparing LLM results with manual analysis to assess accuracy 

and reliability. 

• Insight Generation: Transforming the findings into actionable insights for 

leadership and safety teams. 

• Scalability Assessment: We evaluated the potential for scaling the solution 

across the organisation. We wanted to ensure this wasn't just a one-off but 

something that could make a real difference. 

This focused approach allowed us to thoroughly explore the technology's capabilities 

while delivering valuable insights to the client. 

4 METHODOLOGY 

 

4.1 Preliminary Data Exploration 

Before diving headfirst into advanced AI techniques, we knew we had to get our hands 

dirty with some good old-fashioned exploratory data analysis (EDA) on the VFL data. 

This step involved: 

• Basic text mining techniques: We used word frequency analysis, n-gram 

analysis, and topic modelling to uncover common themes and patterns lurking 

in the data. 

• Sentiment analysis: We assessed the overall tone of VFL interactions to 

gauge general sentiment towards safety practices and leadership. Were people 

feeling good about things, or did we need to look out for some red flags?  

• Visualisation of key trends: To spot patterns and anomalies in the data, we 

created word clouds, frequency charts, and time series visualisations. 

• Statistical analysis: We investigated how VFL interactions were distributed 

across different sites, departments, and periods. 

This preliminary exploration provided valuable insights that guided our subsequent 

analysis and helped us refine our approach to using LLMs. 
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4.2 Initial Approach: Theme Extraction 

Our first attempt involved using LLMs to identify broad concepts and themes within the 

data. The process was as follows: 

• We were training the LLM on mining-specific texts to enhance its understanding 

of industry terminology. 

• We applied the LLM to the VFL data to extract key themes and concepts. 

• Clustering and categorising the identified themes to create a high-level 

overview of the VFL content. 

While this approach showed promise in identifying general themes, it only partially 

provided the depth of insights needed for actionable recommendations. 

4.3 Refined Strategy: Targeted Question Analysis 

Based on what we learnt from our initial approach, we decided to switch gears and go 

for a more focused strategy. This involved: 

• We collaborated with the client to develop specific questions about the VFL 

data, ensuring alignment with their key areas of interest. We wanted to make 

sure we were asking the right questions. 

• We crafted precise prompts for the LLM to analyse the descriptions in light of 

these questions. We had to be specific in what we asked the AI to do. 

• We iterated on refining the prompts based on initial results and feedback from 

domain experts. It was a process of trial and error to get them just right. 

This targeted approach was a game-changer. It allowed us to gain more nuanced and 

relevant insights that addressed the client's specific concerns and objectives. 

4.4 Iterative Prompt Engineering 

Prompt engineering was the essential advancement in our analysis. We adopted a 

structured approach that was vital to our success. Here's how it worked: 

• We started with a small set of carefully crafted prompts based on the client's 

questions and our understanding of the data. 
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• We analysed the LLM's responses to these initial prompts for accuracy, 

relevance, and depth of insight. 

• We iteratively refined the prompts based on performance, adjusting language, 

specificity, and context to improve results. It was a constant process of tweaking 

and fine-tuning. 

• We were conducting A/B testing of different prompt structures to optimise LLM 

performance, trying to find the sweet spot. 

• Collaborating with domain experts to ensure the prompts elicited accurate and 

valuable information from a mining industry perspective. We needed to ensure 

we spoke the same language as our client. 

This iterative process was essential for achieving high accuracy and extracting 

meaningful insights from the VFL data. 

4.5 Data Sample and Validation Process 

To ensure the reliability and accuracy of our analysis, we implemented a rigorous 

sampling and validation process. Here's what that looked like: 

• Sample Selection: We analysed a sample of 100 records for each predefined 

question, ensuring diverse representation across different sites, periods, and 

types of VFL interactions. We wanted to provide a good cross-section of the 

data. 

• Manual Analysis: A team of domain experts manually reviewed the identical 

records, providing a benchmark for assessing the LLM's performance. 

• Comparison and Validation: We compared the LLM's output with the manual 

analysis, evaluating accuracy, relevance, and depth of insights. 

• K-fold Cross-validation: To ensure consistency in our results, we 

implemented k-fold cross-validation, dividing our data into subsets and 

repeatedly training and testing our model. We wanted to ensure our results held 

up no matter how you sliced the data. 

• Iterative Refinement: Based on the validation results, we further refined our 

prompts and analysis techniques to improve accuracy and relevance. 
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This comprehensive validation process was key in establishing the reliability of our AI-

driven insights and building confidence in our methodology. We needed to be sure we 

were on the right track before we took our findings to the client. 

5 TECHNOLOGY IMPLEMENTATION 

 

5.1 Large Language Models (LLMs) in Data Analysis 

At the heart of our approach were advanced Large Language Models (LLMs) - an 

essential technology for its ability to process natural languages. Here's what our LLM 

implementation looked like: 

• Model Selection: We went with GPT-3.5, a state-of-the-art (at the time) LLM 

known for complex, domain-specific tasks.  

• Fine-tuning: We trained the model on a corpus of 10,000 mining-specific VFL 

records to ensure it understood industry language and context. This training 

involved five epochs of training using a learning rate of 5e-5.  

• Prompt Engineering: We crafted the prompts to guide the LLM in extracting 

relevant information from the VFL data. This process involved trial and error, 

refining these prompts based on their performance. 

• Output Processing: We only partially relied on the LLM's outputs. Instead, we 

subjected them to thorough post-processing, which involved named entity 

recognition and sentiment analysis. This process refined and structured the 

insights, making them easier to interpret and analyse. 

The LLM's ability to understand context, nuance, and implicit information was essential 

in extracting valuable insights from the unstructured VFL data. It was akin to having a 

knowledgeable colleague who could discern underlying meanings. 

5.2 Ensemble Approach 

We ensured the robustness and accuracy of our analysis by using an ensemble 

approach that combined multiple analytical techniques rather than putting all our eggs 

in one basket. 
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• Multiple LLM Models: We didn't rely on just one LLM; instead, we used several 

variants, each with its strengths, to analyse the same data and cross-validate 

results. This approach provided us with more perspectives and insights. 

• Traditional NLP Techniques: LLMs are great, but we still rely on traditional 

NLP methods. To complement the LLM analysis, we use named entity 

recognition, sentiment analysis, and topic modelling. 

• Rule-based Systems: To complement the LLM's more flexible analysis, we 

have implemented rule-based extraction systems for specific, well-defined 

categories of information. 

• Aggregation Algorithm: We needed to consolidate various analytical 

methods, so we developed a custom algorithm to aggregate and reconcile 

insights from these sources, prioritising consistency and relevance. 

This multifaceted approach enabled us to utilise the strengths of various analytical 

methods, leading to more comprehensive and reliable insights. It was akin to having 

a team of experts collaborating. 

5.3 Contextual Analysis Integration 

We understood the importance of context in interpreting VFL data, so we ensured to 

incorporate additional contextual information into our analysis: 

• Temporal Data: We analysed the content and the respective timestamps to 

identify long-term trends and patterns in VFL interactions.  

• Location Information: Different mining operations have different practices and 

conditions. We have included site-specific data to account for these variations 

in our analysis. 

• Employee Roles: We analysed leadership dynamics and communication 

patterns by utilising information about the roles of individuals involved in VFL 

interactions. 

• Operational Metrics: VFL insights do not exist in isolation. We incorporated 

relevant operational data, such as production volumes and safety incident 

rates, to provide a broader context for our findings. 
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This context integration allowed for a more detailed and comprehensive analysis of 

the VFL data, resulting in deeper and more actionable insights. It was like observing 

the entire picture, not just a snapshot. 

5.4 Explainable AI Techniques 

We understood the importance of transparency for our system's trustworthiness. This 

is where explainable AI techniques became essential: 

• LIME (Local Interpretable Model-agnostic Explanations): This technique 

highlights the most influential parts of the input text on the LLM's conclusions, 

like shining a spotlight on the most significant bits. 

• Attention Visualisation: We provided users with a glimpse into the inner 

workings of the LLM by visualising its attention mechanisms, revealing the 

specific words or phrases that the model focused on during its analysis. 

• Feature Importance Rankings: For each insight created, we ranked the text's 

most influential features or aspects—this assisted users in understanding the 

factors driving the model's conclusions. 

• Natural Language Explanations: We didn't design the system to spit out 

complex model outputs. We aimed to ensure it generates human-readable 

explanations for its conclusions, translating the technical language into plain 

English. 

These explainable AI techniques were essential for establishing trust with end-users, 

providing valuable interpretable insights, and simplifying AI decision-making. 

5.5 Integration with Existing Systems 

We aimed to create a solution that seamlessly integrates with the client's existing data 

management systems, ensuring easy adoption and scalability. Here's how we did it: 

• Data Pipeline Development: We built robust data pipelines to extract and 

process data from various existing systems automatically. No manual data 

wrangling is required. 

• API Integration: We developed RESTful APIs to enable real-time data 

exchange between our AI system and the client's existing platforms. 
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• User Interface Design: We made sure the insights generated by our system 

were easy to access and digest by displaying them within the client's current 

dashboards and reporting tools. 

• Security Compliance: We took data security and privacy seriously. The 

system was built to comply with the client's stringent requirements in these 

areas.  

• Scalable Architecture: Data volumes will increase as the system is rolled out 

across more sites. To handle this growth, we implemented a cloud-based, 

scalable architecture. 

This integration strategy ensured that the AI system's insights could be easily 

accessed and utilised within the client's existing operational workflows, making AI work 

for the client, not the other way around. 

6 RESULTS  

 

6.1 Accuracy Metrics 

The analysis using the LLM amazed us with an impressive accuracy rate of 90% 

compared to manual analysis. It was like having the superhuman ability to interpret 

unstructured VFL data. We measured this accuracy across several key areas: 

• Content Relevance: 92% of the insights generated were spot-on relevant to 

the questions we asked. 

• Sentiment Accuracy: The system demonstrated a remarkable capability to 

discern the sentiment of VFL (Voice of the Customer) interactions accurately, 

achieving an accuracy rate of 88%. 

• Theme Identification: The LLM demonstrated a high level of proficiency by 

accurately identifying and categorising critical themes within the VFL data 91% 

of the time, akin to a master librarian. 

The accuracy rates were calculated using a hold-out test set of 1,000 VFL records 

separate from the training or fine-tuning process. While these high accuracy rates are 

a great sign for our LLM-based approach, it's important to remember that the system's 
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performance may vary depending on the specific context and quality of the input data. 

It's not a solution that you can set and forget. We must regularly revalidate and fine-

tune it to maintain this accuracy over time. 

6.2 Comparison with Traditional Analysis Methods 

Our LLM-based approach outperformed traditional methods for analysing VFL data.: 

• Speed of Analysis: Compared to manual methods, we achieved an 80% 

increase in processing and analysing VFL reports. 

• Depth of Insights: The LLM was 25% better at identifying subtle safety trends 

and underlying factors. 

• Consistency: We saw a 30% increase in the consistency of analysis across 

different analysts and teams. 

• Scalability: Our system can analyse ten times more VFL reports in the same 

timeframe as traditional methods. 

• Cost-Effectiveness: We achieved a 50% reduction in the person-hours 

required for comprehensive VFL data analysis. 

These improvements highlight the transformative potential of AI-driven analysis in 

mining operations. 

7 BUSINESS IMPLICATIONS 

 

7.1 Enhancing Safety Culture through Data-Driven Insights 

The ability to swiftly analyse VFL interactions enables more timely and targeted safety 

interventions, which can lead to significant improvements in overall safety culture: 

• Proactive Risk Mitigation: By identifying safety trends early, we can take 

proactive measures to prevent incidents before they occur. 

• Personalised Safety Training: Insights into individual and team behaviours 

help inform tailored safety training programmes. 

• Cultural Transformation: Data-driven feedback loops can accelerate the 

development of a robust safety culture. 
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7.2 Improving Leadership Effectiveness 

Providing leaders with deeper insights into their interactions and their impact can refine 

their leadership approaches: 

• Targeted Coaching: Leaders receive specific feedback on the effectiveness 

of their safety communications. 

• Best Practice Sharing: Successful leadership strategies can be identified and 

shared across the organisation. 

• Performance Metrics: We can develop new, more nuanced metrics to assess 

leadership effectiveness in promoting safety. 

7.3 Supporting Sustainable Practices 

The insights gained from this analysis can also inform and enhance sustainability 

initiatives: 

• Environmental Impact: We can identify correlations between operational 

practices and ecological outcomes. 

• Resource Efficiency: Insights into how leadership behaviours affect resource 

use and efficiency can be uncovered. 

• Community Engagement: We can better understand how operational 

practices influence community relations. Mining doesn't happen in a vacuum—

it's part of a larger ecosystem. 

8 FUTURE DIRECTIONS 

 

8.1 Real-time Analysis Capabilities 

We plan to integrate this technology into a live environment, enabling real-time 

interaction with VFL data.: 

• Immediate Feedback: Leaders will instantly receive an analysis of their VFL 

interactions. 
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• Dynamic Risk Assessment: Based on real-time VFL data, we will update risk 

profiles. 

• Adaptive Safety Protocols: Safety procedures will evolve continuously as 

data is analysed. 

8.2 Continuous Learning Pipeline 

We are developing a system for continuous learning, where new VFL data can be 

regularly fed into the model to enhance its accuracy over time: 

• Automated Model Updates: The LLM will be retrained regularly with new data 

to adapt to changing conditions. 

• Feedback Integration: User feedback will be incorporated to refine and 

improve analysis accuracy. 

• Trend Detection: We'll identify long-term trends and shifts in safety culture 

over extended periods. 

8.3 Scalability Across Operations 

Our approach is designed to be scalable across different operations or sites within the 

mining company: 

• Multi-site Implementation: We'll roll out the system in phases across various 

mining operations. 

• Cross-operational Analysis: Insights will be compared across different sites 

to identify best practices. 

• Centralised Knowledge Base: We aim to create a company-wide repository 

of safety insights and lessons. 

8.4 Enhanced Visualisation of Insights 

We are developing a comprehensive visualisation strategy to make insights more 

accessible: 

• Interactive Dashboards: Dynamic visualisations will allow users to explore 

data in depth. 
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• Network Graphs: These will visually represent the relationships between 

different safety factors. 

• Trend Analysis Tools: Advanced tools will help visualise safety trends over 

time and across operations. 

8.5 Potential for Cross-Industry Applications 

While this approach has been developed for the mining industry, it holds potential 

applications in other sectors: 

• Adaptation to Other High-Risk Industries: This technology could be applied 

in oil and gas, construction, and manufacturing. 

• Broader Sustainability Applications: It could also be used for environmental 

impact assessments and corporate social responsibility reporting. 

• General Leadership Development: We can analyse leadership effectiveness 

across various business contexts. 

9 LESSONS LEARNED AND BEST PRACTICES 

 

9.1 Importance of Preliminary Data Exploration 

Conducting a thorough exploratory data analysis was crucial to providing essential 

context and guiding subsequent analyses.: 

• Identifying Data Quality Issues: We spotted early inconsistencies or gaps in 

VFL reporting. 

• Guiding Feature Selection: This analysis informed our choice of relevant 

features for the LLM analysis. 

• Hypothesis Generation: We formed initial hypotheses about safety trends for 

our detailed analysis. 

9.2 Iterative Approach to AI Implementation 

Continuous refinement and testing were vital for achieving high accuracy: 
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• Prompt Engineering: By iteratively refining our prompts, we significantly 

improved the LLM's performance. 

• Model Selection: We experimented with different LLM architectures to find the 

best fit for the VFL data. 

• Feedback Loops: We regularly incorporated feedback from subject matter 

experts to enhance the relevance of our analysis. 

9.3 Balancing AI Capabilities with Human Expertise 

Human expertise remained crucial for interpreting the results and ensuring they 

aligned with business objectives: 

• Collaborative Validation: We involved safety experts in validating the AI's 

insights. 

• Contextual Interpretation: Relying on human experts helped provide 

operational context to the AI findings. 

• Ethical Considerations: Human oversight was necessary to address the 

moral implications of AI-driven safety analysis. 

9.4 Value of Multifaceted Validation 

Our multi-pronged validation approach was essential in establishing the reliability of 

our AI-driven insights: 

• Cross-validation Techniques: We ensured consistency of results across 

different data subsets. 

• Real-world Testing: We piloted the system in live operational environments to 

validate its practical applicability. 

• Long-term Performance Monitoring: We tracked the accuracy and relevance 

of insights over extended periods. 

9.5 Importance of Explainability in AI Solutions 

Implementing explainable AI techniques helped build trust in the system and provided 

valuable additional insights: 
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• Transparent Reasoning: Explaining how the AI system reached its 

conclusions fostered user trust. 

• Insight Enhancement: Explainable AI often reveals additional valuable 

information that may not have been initially sought. 

• Continuous Improvement: Understanding the reasoning behind AI decisions 

facilitated the system's ongoing refinement. 

10 CONCLUSION 

The successful use of LLM technology to analyse unstructured VFL data marks a 

significant step forward in mining analytics. With an accuracy rate of 90% and 

considerable improvements over traditional methods, this approach provides mining 

companies with a powerful tool to enhance safety, improve leadership, and promote 

sustainable practices. 

Our iterative, multifaceted strategy, which combines advanced AI techniques with 

rigorous validation and a focus on explainability, sets a strong example for future AI 

implementations in the industry. As we move towards real-time, data-driven decision-

making in mining operations, the potential for creating safer, more efficient, and 

sustainable practices becomes increasingly achievable. 

Looking ahead, this technology's applications extend well beyond VFL analysis. From 

predictive maintenance to environmental impact assessments, the ability to extract 

meaningful insights from unstructured data opens up exciting new possibilities for 

optimisation and innovation throughout the entire mining value chain. 

However, it's essential to approach these technologies critically. As we continue to 

develop and deploy AI systems in safety-critical environments, we must remain vigilant 

about potential biases in our data and models, the interpretability of AI-generated 

insights, and the ethical implications of relying more heavily on automated analysis in 

decision-making processes. 

Ultimately, this project serves as a compelling case study for the transformative power 

of AI in industrial settings, illustrating a future where data-driven insights play a central 

role in shaping safer, more sustainable, and more efficient mining operations. As we 
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progress, the key to success will be finding the right balance between technological 

innovation and human expertise, ensuring that AI can enhance human decision-

making rather than replace it. 
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