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By the numbers: Of the 50 elements 

deemed critical to the American 

economy and national security by the 

U.S. Geological Survey,1 the United 

States is 100% dependent on foreign 

suppliers for 12 of them and is more 

than 50% reliant on non-domestic 

sources for another 29.2

1. USGS, “U.S. Geological Survey releases 2022 list of critical minerals,” 

news release, Feb. 22, 2022.

2. USGS, “Mineral commodity summaries 2025,” Jan. 31, 2025.

USGS Earth Mapping Resources Initiative

Critical Minerals – A Global Concern
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https://www.usgs.gov/news/national-news-release/us-geological-survey-releases-2022-list-critical-minerals
https://www.usgs.gov/publications/mineral-commodity-summaries-2025


INTRODUCTION

Research Motivation: Minerals & AI 

• Critical minerals: Growing demand

• Mineral exploration: Costly, uncertain

• Geoscience data: Complex, heterogeneous

• Needs and trends: Knowledge-infused AI models

AI can do data mining —— but can AI do mining?

AI Tool Speeds Up Critical Mineral Hunt, 

Boosting U.S. Supply
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Relation between AI, ML, DL And NSAI. NSAI is a subfield of AI that combines both symbolic reasoning and DL

INTRODUCTION 

Why Neuro-Symbolic AI?
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Differences Between Mineral Prediction & Mineral Exploration

• Prediction: probability-based,

model-driven

• Exploration: confirm deposits

via fieldwork

BACKGROUND

Mineral Prediction vs. Exploration
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• ML and DL already applied across geoscience domains

• Shows the breadth of AI use in geoscience

• But NSAI applications remain limited → opportunity

BACKGROUND

Applications of AI in Geoscience
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•Data Cleaning:

•Removed duplicates, corrected outliers, and

handled missing values.

•Filtered to extract Porphyry Cu-Mo-Au data

•Grouped by DEPOSIT_TYPE to identify unique

deposit types, such as:

• High sulfidation Au-Ag

• High sulfidation Au-Ag

• Porphyry Cu or High sulfidation Au-Ag

• Polymetallic sulfide vein, and more.Sourced from USGS website.

https://www.usgs.gov/data/national-geochemical-

database-ore-deposits-legacy-data

•Source: National Geochemical Database: Ore Deposits (USGS).

•Nearly 30,000 samples, 15 mineral system types and 42 mineral deposit types

•Features include geochemical concentrations of Cu, Mo, Fe, and S.

•Task: classify mineral deposit types

•Approach: manually encode symbolic rules + integrate with ML

RULE-BASED NSAI IMPLEMENTATION

Research Design
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A General Framework 

Illustrating the Major Parts of 

the Method Designed in This 

Study: 

(1) Data Collection and 

Preprocessing

(2) LLM-assisted KG 

Construction

(3) Rule integration into ML 

model training

Arrows indicate the flow of 

data and rule application

RULE-BASED NSAI IMPLEMENTATION

Framework Workflow
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Rule-guided ML: basic symbolic features Extended NSAI: KG-derived rules

Function AddKnowledgeFeatures(dataframe):

For each row in dataframe:

If Cu_ppm > 200 AND Mo_ppm > 10 AND 

K_pct > 2:

Set 'PorphyryCuPotential' to 1

Else:

Set 'PorphyryCuPotential' to 0

If W_ppm > 10 OR Fe_pct > 10 OR Ca_pct > 5:

Set 'SkarnRelatedPotential' to 1

Else:

Set 'SkarnRelatedPotential' to 0

If Cu_ppm > 500 AND Au_ppm > 0.1:

Set 'HighSulfidationPotential' to 1

Else:

Set 'HighSulfidationPotential' to 0

If Ag_ppm > 50 AND Au_ppm > 0.05:

Set 'LowSulfidationPotential' to 1

Else:

Set 'LowSulfidationPotential' to 0

Return updated dataframe

Function AddKnowledgeFeatures(dataframe):

For each row in the dataframe:

Evaluate thresholds for key geochemical elements to define potential mineralization 

types:

- Porphyry Copper: Cu > 200 ppm, Mo > 10 ppm, K > 2%

- Porphyry Copper-Molybdenum: Cu > 300 ppm, Mo > 15 ppm

- Porphyry Copper-Gold: Cu > 300 ppm, Au > 0.15 ppm

- Skarn-Related: W > 10 ppm OR Fe > 10% OR Ca > 5%

- Skarn-Tungsten: W > 20 ppm AND Fe > 5%

- High-Sulfidation Epithermal: Cu > 500 ppm AND Au > 0.1 ppm

- High-Sulfidation Sulfur: S > 5%

- Low-Sulfidation Epithermal: Ag > 50 ppm AND Au > 0.05 ppm

- Low-Sulfidation Antimony: Sb > 10 ppm

- Intermediate-Sulfidation: Zn > 50 ppm AND Au > 0.05 ppm AND Cu > 100 ppm

- Polymetallic Sulfide: Pb > 100 ppm AND Zn > 100 ppm AND Ag > 10 ppm

- Lithocap: Al > 5% AND K > 1%

- Distal Disseminated: Ag > 30 ppm AND As > 50 ppm

- High-Alumina Alteration: Al > 8% AND Si > 10%

Assign binary indicators (1 for potential presence, 0 otherwise) for each potential type.

Return updated dataframe

RULE-BASED NSAI IMPLEMENTATION

Model Setup
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• Accuracy: Overall prediction correctness.

• Precision: Ability to minimize false positives.

• Recall: Ability to correctly identify actual positive cases.

• F1 Score: Balance between precision and recall.

• Macro Avg F1: Average F1 across all classes equally.

• Weighted F1: Average F1 weighted by class size.

• SHAP values were used to interpret the contribution of features

RULE-BASED NSAI IMPLEMENTATION

Evaluation Metrics
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Performance Comparison of the Three Models

• Accuracy increased with symbolic rules

• Macro F1 increased for minority deposit types

RULE-BASED NSAI IMPLEMENTATION

Performance Results 
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• Manual rule extraction is a bottleneck: Time-consuming, bias & inconsistency

• Scalability challenge: cannot keep up with the complexity of large geoscientific datasets

• Opportunity with Large Language Models (LLMs):

• Automatically extract geological rules from literature

• Structure rules into machine-readable forms (e.g., JSON, KG)

• Match rules with dataset labels → enable automated NSAI pipelines

• Goal: make NSAI scalable, adaptable, and less reliant on human intervention

LLM-ASSISTED NSAI FRAMEWORK

Motivation for Automation
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Workflow for LLM-assisted semantic matching between geochemical dataset

labels and textbook-derived knowledge items.

LLM-ASSISTED NSAI FRAMEWORK

LLM-Assisted Workflow
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An example of knowledge about the deposit model.

LLM-ASSISTED NSAI FRAMEWORK

Descriptive Models
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An enhanced NSAI framework that integrates geochemical data with LLM-

assisted semantic matching to improve mineral deposit prediction,

interpretability, and minority class performance.

LLM-ASSISTED NSAI FRAMEWORK

Enhanced NSAI Framework
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LLM-ASSISTED NSAI FRAMEWORK

Performance Results 
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LLM-ASSISTED NSAI FRAMEWORK

Performance Results 
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This SHAP summary 

plots illustrate the 

relative importance 

of geochemical 

features in the 

baseline ML model

and how the NSAI 

model integrates 

symbolic knowledge-

derived features (K-

features) with 

geochemical data to 

drive predictions. 

LLM-ASSISTED NSAI FRAMEWORK

Feature Importance
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• NSAI improves generalization, especially for minority deposit types with

very limited samples

• LLMs make NSAI scalable, automating rule extraction and reducing

reliance on manual encoding

• The hybrid representation (geochemical + symbolic vectors) provides

more stable predictions than purely data-driven models

• Confirms the value of embedding expert geological knowledge into ML

workflows through automated pipelines

LLM-ASSISTED NSAI FRAMEWORK

Discussion
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TOWARD PRACTICAL APPLICATIONS

Practical Applications
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Top 10 deposit names with the highest record count (valid latitude and longitude) 

from the National Geochemical Database on Ore Deposits: Legacy data



TOWARD PRACTICAL APPLICATIONS

Research Area
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TOWARD PRACTICAL APPLICATIONS

Research Area

22/28Recorded  points on Deadwood River Geologic Map



TOWARD PRACTICAL APPLICATIONS

Results
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TOWARD PRACTICAL APPLICATIONS

Results
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TOWARD PRACTICAL APPLICATIONS

Results
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TOWARD PRACTICAL APPLICATIONS

Results
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• NSAI bridges the gap between black-box AI and expert geological reasoning

• Manual NSAI proved feasibility; LLM-assisted NSAI achieved scalability and 

automation

• Together, they show NSAI can deliver accurate, interpretable, and geologically 

coherent predictions

• This work lays the foundation for next-generation exploration AI systems 

trusted by geoscientists

AI can do data mining — and with NSAI, AI can support mineral mining.

CONCLUSIONS & FUTURE WORK

Conclusion
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THANK YOU FOR 
YOUR ATTENTION!
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