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A B S T R A C T

The identification of patterns in the distribution and relationships of critical minerals is fundamentally chal
lenging due to the heterogeneity, scale, and semantic complexity of geoscience data. This study introduces a 
deterministic-first hybrid AI architecture that extends beyond standard retrieval-augmented generation (RAG) by 
explicitly separating symbolic reasoning, neural semantic retrieval, and generative synthesis into complementary 
and interpretable reasoning pathways. Unlike conventional RAG systems that rely primarily on text-based 
retrieval and opaque large language model (LLM) inference, our framework integrates ontology-grounded 
knowledge graph querying for authoritative reasoning, vector-based semantic retrieval for contextual general
ization, and LLM synthesis for natural-language interaction. The architecture is instantiated through the con
struction of a large-scale Critical Minerals Knowledge Graph (CMKG) derived from the Critical Minerals in Ores 
(CMiO) dataset, comprising more than 29,000 sample records and implemented in Neo4j using a strict ontology 
and modular batching pipeline. Deterministic Cypher queries provide precise answers when explicit semantic 
relationships are available, while dense vector embeddings indexed with FAISS supply relevant context when 
exact matches are unavailable. An interactive Jupyter interface exposes these reasoning modes side-by-side to 
support transparency and interpretability. Evaluation using structured benchmark queries demonstrates that 
deterministic graph querying provides reliable and explainable results for structured scientific questions, while 
semantic and generative components contribute primarily to contextual support and interpretation. By unifying 
symbolic and neural reasoning within a controlled GraphRAG framework, this work contributes a generalizable 
AI architecture for transparent question answering over complex scientific knowledge graphs, with direct im
plications for critical mineral analysis and beyond.

1. Introduction

Critical minerals are essential to modern technologies, renewable 
energy systems, and national security, underpinning batteries, elec
tronics, and clean energy infrastructure across global supply chains 
(Hofstra and Kreiner, 2020; Jowitt et al., 2020; Fortier et al., 2021; 
Schroeder et al., 2024; USGS, 2022, 2025; Zhu et al., 2025). Their roles 
have made them central to advanced manufacturing, decarbonization 
strategies, strategic resource planning, and sustainable development 
(USGS, 2022; UN, 2025). Among these, rare earth elements (REE), 
comprising the lanthanide series together with yttrium and scandium, 
represent a strategically important subset of critical minerals due to 
their indispensable technological applications and heightened 

supply-chain vulnerability. REE are commonly subdivided into light rare 
earth elements (LREE; La-Sm) and heavy rare earth elements (HREE; 
Gd-Lu, typically including yttrium owing to its similar geochemical 
behavior); a distinction that reflects differences in ionic radius, 
geochemical behavior, and economic significance across mineral sys
tems (Haxel et al., 2002; Fortier et al., 2018). However, the discovery 
and characterization of the occurrences and relationships of critical 
mineral systems from large, heterogeneous databases remains a signif
icant challenge due to the inherent complexity and variability of geo
science data (Hofstra and Kreiner, 2020; Hofstra et al., 2021). Geological 
datasets often span multiple spatial scales from atom-scale mineralog
ical observations to deposit-level attributes. These properties are stored 
in disparate formats, making integration and interpretation difficult 
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(Zhou et al., 2021; Chen et al., 2024). Traditional approaches rely on 
manual data analysis or isolated relational databases, which limit the 
ability to uncover hidden relationships and generate actionable insights 
(Jatana et al., 2012).

Recent advances in artificial intelligence (AI) and knowledge rep
resentation offer new opportunities to address these challenges. 
Knowledge Graphs (KGs) provide a structured way to represent entities 
and their relationships, enabling semantic integration of diverse datasets 
(Ma, 2022; Qiu et al., 2023; Chen et al., 2024; Feng et al., 2024; Zhu 
et al., 2025). Large Language Models (LLMs) excel at natural language 
understanding and reasoning but lack direct access to domain-specific 
structured data and may produce ungrounded or non-reproducible 
outputs when used in isolation (Lin et al., 2024; Zhou and Li, 2025). 
Retrieval-Augmented Generation (RAG) bridges this gap by combining 
retrieval mechanisms with generative probabilistic models, allowing 
context-aware responses grounded in deterministic external knowledge 
sources (Peng et al., 2024; Han et al., 2025). However, traditional RAG 
typically relies on unstructured text retrieval, which limits its ability to 
exploit rich, structured relationships in multi-relational datasets. 
Graph-based Retrieval-Augmented Generation (GraphRAG) surpasses 
traditional RAG by leveraging graph-based reasoning for richer context, 
multi-hop reasoning, and improved interpretability. Despite these ad
vances, most existing applications in geoscience focus on either 
graph-based reasoning or text-based AI, without fully leveraging their 
combined potential or clearly separating deterministic retrieval from 
generative synthesis (e.g., Ma et al., 2025).

Prior efforts in geoscience data integration have explored ontology- 
driven systems, relational databases, and standalone knowledge 
graphs to improve data interoperability (Brantley et al., 2021). 
Ontology-based approaches provide a strong semantic structure with 
clearly defined classes, relationships, and rules (Babaie et al., 2022; 
Davarpanah et al., 2024). However, they depend on rigid, predefined 
schemas and require structured queries, which can make them less 
flexible when dealing with evolving or heterogeneous data. Relational 
database systems remain widely used in geoscience (e.g., EarthChem 
Portal, 2025; Macrostrat Database, 2025), yet they handle heterogene
ity poorly and limit flexible, multi-relational exploration (Jatana et al., 
2012. Large-scale geoscience knowledge graphs (Chen et al., 2024; 
Zhu et al., 2025) enhance interoperability but lack natural-language 
interfaces and explanatory reasoning capabilities. Similarly, recent ap
plications of LLMs in scientific domains demonstrate strong language 
capabilities but struggle with factual grounding and domain-specific 
accuracy when operating without structured data (Mousavi et al., 
2025; Lin et al., 2024). Standard RAG implementations predominantly 
target unstructured text corpora and do not exploit graph-based struc
tures for enhanced retrieval and reasoning (Lewis et al., 2020). These 
limitations highlight the need for a hybrid approach that combines the 
semantic richness of knowledge graphs with the generative power of 
LLMs, while ensuring that generative components remain grounded in 
deterministic, verifiable data sources. Emerging GraphRAG methodol
ogies demonstrate the effectiveness of integrating graph-structured 
knowledge into retrieval pipelines, improving complex question 
answering and factual grounding (Peng et al., 2024). Yet, their appli
cation in scientific knowledge systems, particularly in geoscience, re
mains in early stages (Zhang et al., 2025).

This work introduces an AI-driven framework that integrates 
Knowledge Graphs with GraphRAG to enable intelligent exploration of 
critical mineral datasets. A Critical Minerals Knowledge Graph (CMKG) 
transforms tabular critical minerals data into an interconnected 
network, modeling relationships among samples, minerals, rocks, al
terations, textures, deposits, environments, and countries. Built on 
CMKG, the proposed framework follows a deterministic-first hybrid 
architecture in which knowledge graph queries provide authoritative 
results, semantic retrieval supplies contextual support, and LLMs are 
used strictly for synthesis of retrieved evidence. This design ensures both 
precision and interoperability while enabling flexible natural language 

interaction. The system supports both structured queries and free-form 
input, delivering deterministic lookups, semantic retrieval, and syn
thesized responses for comprehensive insights.

The significance of this approach lies in bridging heterogeneous 
geoscience datasets with actionable, semantically grounded insights, 
addressing global challenges in sustainable resource discovery and 
supply chain security (Hofstra and Kreiner, 2020). Applications span 
mineral, academic research, and policy development, enabling stake
holders to extract insights from complex datasets efficiently. In addition, 
the framework supports analytical tasks such as identifying rare earth 
element-enriched deposits and multi-element associations, demon
strating its value for data-driven exploration. The innovation stems from 
merging graph-based reasoning with retrieval-augmented generation 
under a controlled and interpretable architecture, creating a dynamic 
knowledge ecosystem that retrieves relevant information and synthe
sizes it into coherent, context-rich explanations. By transforming static 
datasets into interactive, analytical environments, this platform accel
erates discovery and supports informed decision-making in critical 
mineral systems (Zhang et al., 2025).

1.1. Related work

Recent research in artificial intelligence has explored integrating 
structured knowledge with neural and generative models to improve 
question answering and reasoning. Neuro-symbolic approaches aim to 
combine symbolic representations with neural models. Bosselut et al. 
(2019) propose COMET, which leverages pre-trained language models 
to generate new commonsense knowledge for loosely structured graphs 
such as ATOMIC and ConceptNet, demonstrating that generative models 
can support scalable knowledge graph completion. However, COMET 
focuses on text-based commonsense knowledge generation rather than 
deterministic reasoning over structured scientific data. Other works 
emphasize joint representation learning from text and knowledge 
graphs. For instance, Yasunaga et al. (2022) introduce DRAGON, a deep 
bidirectional pretraining framework that fuses language modeling with 
knowledge graph link prediction, achieving strong performance on 
question answering and complex reasoning tasks across multiple do
mains. While effective for representation learning, DRAGON does not 
address interactive querying, explicit graph execution, or 
provenance-aware reasoning over structured scientific knowledge 
graphs.

Retrieval-augmented generation (RAG) has become a dominant 
paradigm for grounding large language models in external knowledge, 
typically relying on vector-based retrieval over unstructured text (Lewis 
et al., 2020). Graph-enhanced variants extend this paradigm by incor
porating structural information. LightRAG (Guo et al., 2024) integrates 
lightweight graph structures into text indexing and retrieval to improve 
contextual awareness and efficiency in LLM-based question answering 
but remains largely LLM-centric and focuses on retrieval quality rather 
than explicit symbolic reasoning. More broadly, GraphRAG frameworks 
formalize the integration of graph-structured data into 
retrieval-augmented generation pipelines. Han et al. (2025) provide a 
systematic overview of GraphRAG architecture, outlining key compo
nents for combining graph-based retrieval with LLM generation to 
support multi-hop reasoning and relational context. While GraphRAG 
establishes an important conceptual foundation, it primarily serves as a 
general framework and does not enforce deterministic query execution, 
numeric reasoning, or ontology-driven guarantees required for scientific 
domains.

In the geoscience domain, ontology-driven and large-scale knowl
edge graphs have been developed to improve semantic standardization 
and data interoperability. Zhu et al. (2025) present a global, 
ontology-driven geoscience knowledge graph for deep-time Earth 
research, emphasizing large-scale integration rather than task-specific 
AI reasoning or natural-language interaction. Similarly, semantic 
retrieval techniques based on dense vector embedding have been 
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applied to geoscientific text to enable similarity-based search; however, 
while effective for contextual retrieval, these approaches often lack 
precision for entity-specific queries. Large language models have also 
been explored for natural language interaction with scientific data, but 
LLM-only approaches remain prone to hallucination and lack trans
parency in their reasoning processes when not grounded in structured 
data.

The present work differs from these approaches in three key ways: (i) 
Ontology-grounded scientific KG with numeric attributes: Unlike prior 
approaches that rely primarily on text-derived or dynamically generated 
graphs, our framework operates over a strict, ontology-driven Critical 
Minerals Knowledge Graph (CMKG) built from structured geoscience 
datasets, including numeric and categorical attributes (e.g., ppm con
centrations, deposit types). (ii) Deterministic-first hybrid reasoning: We 
explicitly separate deterministic Cypher-based KG querying (authorita
tive and exact) from semantic vector retrieval (coverage when exact 
matches fail), followed by LLM synthesis used strictly for integrating 
retrieved evidence. This contrasts with KG-RAG systems that emphasize 
LLM-centric evidence selection without a clear deterministic-first con
tract. (iii) Interpretability by design: Our architecture exposes side-by- 
side outputs from symbolic, neural, and generative components, 
ensuring provenance and reasoning transparency; features rarely 
prioritized in prior KG-RAG implementations.

2. Methodology

The project develops the Critical Minerals Knowledge Graph 
(CMKG), an integrated framework that combines sample-level 
geochemical, mineralogical, and lithological data with various 
deposit-level data from the CMiO (Critical Minerals in Ores) database. 
CMKG enables intelligent, semantic question answering by unifying 
vector embeddings, graph databases, and LLMs. Through this integra
tion of structured and unstructured data, the system supports complex, 
domain-specific reasoning for critical mineral exploration. The frame
work follows a deterministic-first hybrid architecture in which struc
tured graph queries provide authoritative results, semantic retrieval 
supplies contextual support, and LLMs are used strictly for synthesis of 
retrieved evidence. The methodology is implemented through a Jupyter- 
Python pipeline comprising the following major stages: (1) Data 
acquisition and preparation; (2) Vector embedding and semantic 
indexing; (3) Knowledge graph construction; (4) Development of an 
interactive user interface for Question Answering (QA); (5) Hybrid 
Graph Retrieval-Augmented Generation (GraphRAG) QA.

2.1. Data acquisition and preparation

The CMiO dataset was obtained as a CSV file from the Australian 
Government's Geoscience Data Portal (https://ecat.ga.gov. 
au/geonetwork/srv/eng/catalog.search#/metadata/145496). As of 
October 2025, it contains 29,033 records across 341 fields, representing 
geological, mineralogical, geochemical, and spatial data from various 
deposit types and environments (Hofstra et al., 2022; Case et al., 2025). 
The dataset captures multiple dimensions of geological information. 
These include: (i) Deposit level data: deposit names, environments, 
groups, types, province, and primary and secondary commodities such 
as lithium, rare earth elements, niobium, and tantalum. (ii) Sample level 
data: sample type, feature type, sampling method, material class, names 
and groups of stratigraphic units, earth material description including 
group and qualifier, mode of occurrence, alteration, texture, minerals, 
and sample description and preparation, and sampling method. (iii) 
Geochemical analyses: measurements of major oxides and trace ele
ments, including the analytical methods used, detection limits applied, 
and timestamp of analysis. (iv) Location and submitter metadata: Spatial 
coordinates for samples and deposits, UTM zones, submitter name and 
descriptive notes.

This structured dataset serves as the foundation for semantic 

integration, intelligent retrieval, and reasoning using graph structures. 
Development and analysis were conducted in a Jupyter Python envi
ronment using packages such as pandas, numpy, langchain, and openai, 
with Neo4j desktop (1.6.1) (Neo4j, 2025) serving as the graph database 
backend. The schema data preparation process involved several key 
steps: cleaning null and inconsistent values, normalizing field names and 
measurement units, and standardizing categorical attributes along with 
geological taxonomies. Data types were cast according to an 
ontology-driven schema, while geochemical and text-based fields were 
parsed for embedding and graph ingestion. These measures ensured the 
data set was thoroughly cleaned, internally consistent, and semantically 
aligned for downstream processing.

2.2. Vector embedding and semantic indexing

To enable semantic understanding, textual and semi-structured fields 
were converted into vector embeddings using OpenAI's text-embedding- 
3-large model (OpenAI, 2024). Each record (row) was summarized into 
a concise text capturing its mineralogy, deposit type, geochemistry, and 
geological context. Embeddings were indexed using FAISS (Facebook AI 
Similarity Search) (Johnson et al., 2019; Meta AI, 2025) to support 
high-speed semantic retrieval based on cosine similarity. Processing 
steps included chunking records into coherent text segments, vectoriz
ing contextual fields, and indexing with hybrid metadata filters (e.g., 
deposit environment, province). This embedding layer enables 
natural-language queries and context-aware searches, moving beyond 
rigid keyword matching to semantically informed retrieval. This se
mantic layer complements, but does not replace, deterministic graph 
querying, providing contextual coverage when exact structured matches 
are unavailable.

The embedding workflow begins by normalizing and tokenizing 
textual fields, ensuring consistent representation of mineral names, li
thologies, and geochemical attributes. For each record, a composite text 
string is generated by concatenating key descriptors (e.g., sample UID, 
mineral assemblage, deposit type, geochemical signature, and spatial 
context). This text is then passed to the text-embedding-3-large model, 
which produces a dense vector representation capturing semantic re
lationships between terms. These embeddings encode contextual simi
larity rather than exact keyword matches, allowing queries like “REE- 
rich deposits in alkaline complexes” to retrieve relevant samples even if 
terminology differs.

When a user submits a question, the query text is also embedded 
using the same embedding model, producing a vector in the same se
mantic space as the stored record embeddings. FAISS uses an index 
optimized for cosine similarity to compare the query vector against all 
stored embeddings. Cosine similarity measures the angle between vec
tors rather than their magnitude; vectors that are nearly parallel (high 
cosine score) indicate strong semantic alignment. The top-k most similar 
embeddings are selected as candidates for retrieval, ensuring that results 
reflect conceptual closeness rather than exact wording. To improve 
precision, metadata filters (e.g., deposit environment, province, coun
try) are applied during search, enabling hybrid queries that combine 
semantic similarity with structured constraints. This approach ensures 
scalable, semantically aware access to heterogeneous geoscience data 
while maintaining interpretability and relevance.

2.3. Ontology and knowledge graph construction

The CMiO ontology provides a structured semantic framework for 
representing critical mineral systems by formally defining key domain 
entities, attributes, and relationships. It models core concepts such as 
samples, deposits, minerals, commodities, analytical methods, and 
geological characteristics, along with their interconnections (e.g., 
sample-deposit associations, elemental compositions, and analytical 
results). The ontology incorporates controlled vocabularies and stan
dardized property definitions to ensure consistency in representing 
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geochemical and geological data. By organizing heterogeneous dataset 
fields into a coherent schema, the CMiO ontology enables integration of 
multi-source information and supports structured querying and inter
pretation within the knowledge graph. This ontology-driven design 
ensures that domain knowledge is explicitly encoded, facilitating reli
able data retrieval and semantic interoperability.

Knowledge graph (KG) is a structured, machine-interpretable rep
resentation of information in which entities (e.g., deposit type, minerals, 
deposit environment) are modeled as nodes and their relationships are 
explicitly encoded as typed edges, enabling semantic integration, 
reasoning, and flexible querying across heterogeneous data sources 
(Hogan et al., 2021; Noy et al., 2019; Ontotext, 2025; Zhu et al., 2025). 
By emphasizing meaning and relationships rather than tabular schemas, 
KGs support multi-scale data integration and interpretable analysis of 
complex systems. In the context of critical minerals, KG provides a 
unifying framework for linking mineralogical, geochemical, geological, 
and geospatial attributes into coherent representations of mineral 
systems.

Building on this framework, each relevant attribute (field) in the 
CMiO dataset was modeled as a node (e.g., SAMPLE_UID, DEPOS
IT_TYPE, TEXTURE, MINERALS, Sc_PPM). Categorical properties (e.g., 
DEPOSIT_GROUP, PRIMARY_COMMODITIES) and numerical properties 
(e.g., TIO2_WT_PERCENT, GA_PPM, OS_PPB) were modeled as first-class 
entities. Relationships were defined using dictionaries from the CSV file, 
linking elements such as Sample-Mineral, Sample-Deposit, and Sample- 

Texture to indicate associations. These dictionaries were curated to 
resolve naming inconsistencies and capture hierarchical distinctions 
(such as deposit type versus deposit name), ensuring a controlled vo
cabulary for graph constructions.

The relationship schema (Fig. 1) was serialized for reuse and effi
ciency, defining explicit edge types such as HAS_MINERAL, HAS_
TEXTURE, and BELONGS_TO_DEPOSIT, along with their inverses for 
bidirectional queries. The CMKG converts CMiO's tabular data into a 
semantic network in Neo4j, where nodes and edges follow the ontology. 
Nodes include SampleRecord, Minerals, Texture, Alteration, Deposit 
Type, Deposit Name, Province, major oxides (e.g., TIO2_WT_PCT), trace 
elements (e.g., REE_Y_PPM, RH_PPB), and Stratigraphic Unit. Relation
ships link samples to minerals, textures, alterations, lithologies, 
analytical methods, and locations, forming a multi-relational structure 
for complex queries.

To ensure consistency, GPT-4o was used to normalize chemical 
symbols and mineral names, resolving issues like variant spellings and 
case sensitivity. These normalization steps were applied during pre
processing and do not affect deterministic query execution, ensuring 
that graph-based retrieval remains reproducible and independent of 
generative variability. Data ingestion was performed in batches using 
Neo4j′s MERGE command to maintain schema integrity and prevent 
duplication of nodes and relationships. Each batch was validated against 
the ontology to ensure compliance with the predefined schema. The 
resulting graph captures multi-scale geological context, from sample- 

Fig. 1. Relationship dictionaries for samples and deposits. Two dictionaries define semantic relationships for graph-based geological modeling. Each key specifies a 
relationship type (e.g., HAS_MINERAL, HAS_ALTERATION), and each value pairs a human-readable label with the standardized dataset field. The sample dictionary 
links samples to attributes such as minerals, lithology, geochemistry, spatial coordinates, and provenance (TAKEN_FROM). The deposit dictionary connects deposits 
to properties like name, environment, commodities, and associated samples (HAS_SAMPLE). These mappings ensure semantic consistency and enable complex 
queries across the graph.
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level geochemistry to deposit-level classification, supporting both 
deterministic reasoning through Cypher queries and semantic linkage 
for advanced retrieval. This design enables flexible exploration of min
eral systems, facilitating pattern discovery across compositional, and 
spatial dimensions.

2.4. Interactive user interface for QA

An interactive question builder, developed with ipywidgets, allows 
users to query the knowledge graph using dropdowns, filters, or free-text 
input. Key features include natural language query construction, ter
minology normalization (for example, mapping “rare earth elements” to 
“REE” and “platinum group elements” to “PGE”), and dynamic routing 
of queries through the GraphRAG pipeline to generate contextual re
sponses. The interface exposes deterministic, semantic, and synthesized 
outputs separately, enabling users to assess provenance and interpret
ability of results. This interface democratizes access to complex 
geological information, empowering geoscientists and policymakers to 
explore intricate relationships without requiring specialized database 
expertise. The QA framework enables users to ask complex geological 
questions in natural language, explore multi-scale relationships among 
samples, deposits, and environments, visualize contextual geological 
patterns, and generate new insights into critical mineral processes. Ul
timately, CMKG transforms the static geological dataset into a dynamic, 
knowledge-driven platform for exploration, analysis, and decision- 
making.

2.5. Hybrid GraphRAG based answering (QA)

As the volume and complexity of geologic data grow, traditional 
keyword searches are insufficient for deep reasoning and discovery 
because they cannot capture multi-relational context or semantic 
meaning. GraphRAG addresses this challenge by combining semantic 
search with structured graph reasoning, grounding LLM responses in 
verifiable sources such as CMiO. Unlike simple text retrieval, this 
approach integrates knowledge graphs with large language models to 
retrieve structured relationships and domain-specific context, then 
augments LLM outputs with this information.

The CMKG system implements GraphRAG by fusing the deterministic 
reasoning capabilities of graph databases with the generative strengths 
of LLMs. In this hybrid design, deterministic Cypher queries are 
executed first to obtain authoritative results, followed by semantic 
retrieval when exact matches are unavailable, and finally LLM-based 
synthesis that integrates retrieved evidence without introducing new 
unverified information. Semantic retrieval (via FAISS) and graph 
querying (via Neo4j) operate in tandem to deliver evidence-based an
swers. For example, queries such as “List deposits with lithium (Li) and 
gallium (Ga) as commodities” or “What are the LREE, HREE, REE, and 
REE_Y contents of sample AU.1,459,665?” are parsed, translated into 
Cypher queries, and executed on the graph to extract precise relation
ships. Retrieved subgraphs are then summarized by the LLM into 
contextual, human-readable answers, ensuring that responses are both 
accurate and interpretable.

The workflow includes several stages: Query interpretation: User 
input is embedded (vectorized) and matched to relevant nodes and re
lationships using semantic similarity. Hybrid retrieval: FAISS returns 
semantically similar matches, while Neo4j executes Cypher queries for 
deterministic graph-based results. Answer synthesis: The LLM fuses 
structured graph data with semantic text to produce coherent, context- 
rich explanations. Fallback mechanism: When graph data is incom
plete or unavailable, the system defaults to semantic retrieval to main
tain continuity. This hybrid approach effectively bridges symbolic 
reasoning (knowledge graph queries) and neural reasoning (LLM gen
eration), combining precision with flexibility. By grounding generative 
outputs in structured, verifiable data, GraphRAG delivers responses that 
are accurate, explainable, and reproducible; capabilities essential for 

scientific domains where transparency and trust are paramount.

3. Results

3.1. Knowledge graph ingestion pipeline

To build the knowledge graph, the system processes all 29,033 rows 
from the CMiO.csv dataset. This is done in manageable chunks, applying 
a strict, ontology-derived schema (e.g., float, integer, string) to ensure 
each cell is correctly typed and validated. Data is ingested in batches for 
scalability, using environment variables like NEO4J_PASSWORD to 
securely connect to the Neo4j database via the Bolt protocol. The graph 
uses Cypher's MERGE operation on SAMPLE_UID and DEPOSIT_UID to 
avoid duplicate entries. Nodes and relationships are created based on a 
set of predefined relationship dictionaries (see Fig. 1), which guide the 
structure of the graph.

To improve computational efficiency, the ingestion process is 
divided into ten batches of 1000 rows each. Intermediate outputs are 
stored as Pickle files (Van Rossum, 2020), enabling modular and scal
able processing. This design supports incremental updates to the CMiO 
dataset: new rows can be added without reprocessing the entire graph by 
detecting entries not yet ingested. After batching, the system reloads the 
pickled relationship schema and reconstructs the graph using either the 
Neo4j driver, a NetworkX representation, or an embedding model. 
Newly ingested data are seamlessly integrated into the existing graph, 
preserving consistency and structural continuity as the CMiO dataset 
evolves. This deterministic ingestion pipeline ensures reproducibility 
and consistency of the knowledge graph, which forms the authoritative 
foundation for downstream query evaluation.

Fig. 2 shows an example subgraph illustrating how nodes in the 
knowledge graph are related. This visualization represents only a small 
portion of the overall knowledge graph, depicting the connection be
tween a mineral deposit and a sample taken from it, along with their 
geological and geochemical attributes. At the center-left, the red node 
labeled Deposit with DEPOSIT_UID “AUS.NSW.335,841” represents the 
Woodlawn deposit located in New South Wales, Australia. This deposit 
is linked to several descriptive attributes: DEPOSIT_GROUP: Volcano
genic massive sulfide (VMS); DEPOSIT_TYPE: Bimodal felsic VMS; 
DEPOSIT_ENVIRONMENT: Volcanic basin hydrothermal; ALL_COM
MODITIES: Zn, Cu, Pb, (Ag, Au). These attributes list the primary (Zn, 
Cu, Pb) and secondary (Ag, Au) economic metals associated with the 
deposit. The blue node labeled Sample with SAMPLE_UID 
“AU.1,459,117” represents a sample collected from this deposit 
(through the TAKEN_FROM relationship). This sample is characterized 
by trace element data: REE: 136.0 ppm, HREE: 0.0 ppm, LREE: 
136.0 ppm, and REE_Y: 136.0 ppm. These values indicate concentrations 
of rare earth elements (REE), including light REE (LREE), heavy REE 
(HREE), and yttrium (REE_Y). The edges in the graph define semantic 
relationships such as HAS_GROUP, HAS_TYPE, HAS_ENV, HAS_ALL_
COMMODITIES, and HAS_TRACE_ELEMENTS, showing how these at
tributes connect to the deposit and sample. Overall, Fig. 2 serves as an 
illustrative example of how geological and geochemical data are inte
grated into a structured graph format, enabling complex queries and 
analysis of mineral systems.

3.2. Quantitative evaluation of QA performance

To evaluate the effectiveness of the proposed hybrid GraphRAG 
framework, a benchmark dataset of 20 structured and semi-structured 
queries was constructed from the CMiO dataset. This benchmark was 
selected as a subset of the structured queries shown in Fig. 4 and was 
designed to represent deterministic and semi-structured question types 
with verifiable ground truth answers, which were manually validated 
from source data.

The system was evaluated under four configurations: (1) 
Deterministic-only (Cypher queries), (2) Hybrid (graph + semantic 
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retrieval + LLM synthesis), (3) Semantic-only (FAISS retrieval), and (4) 
LLM-only (direct generation). Performance was measured using Exact 
Match (EM), Contains Match (CM), and latency. Results show that 
deterministic and hybrid approaches achieve comparable performance 
(EM = 88.9%), while semantic-only and LLM-only approaches fail to 
produce correct answers for structured queries (EM = 0.00). These 
findings demonstrate that (i) deterministic graph querying is essential 
for accurate structured scientific QA, (ii) the hybrid architecture pre
serves deterministic accuracy while improving interpretability, and (iii) 
semantic retrieval and LLM-only approaches are insufficient for precise 
attribute-level queries.

3.3. Comparative analysis of retrieval modes

A comparative analysis of deterministic graph querying, semantic 
retrieval, and LLM-based synthesis highlights the distinct strengths and 
limitations of each component. Deterministic graph querying consis
tently produced the most accurate and reproducible responses for 
structured factual questions involving sample identifiers, geochemical 
attributes, deposit metadata, and elemental concentrations. The strong 
entity-level evaluation results (EM = 88.9%, CM = 94.4%) demonstrate 
that deterministic Cypher execution is the primary driver of factual 
correctness within the framework. Semantic retrieval contributes 
contextual flexibility by retrieving geologically related documents and 
semantically similar records; however, semantic retrieval alone does not 
reliably produce exact attribute-level answers for structured scientific 
queries. LLM-only responses often generated fluent geological explana
tions but lacked sufficient grounding for precise factual retrieval.

The hybrid architecture combines these complementary capabilities 
by prioritizing deterministic graph retrieval while incorporating se
mantic context and optional natural-language synthesis. This design 
preserves the reproducibility and precision of deterministic querying 
while improving interpretability and user accessibility for interactive 
exploration.

3.4. Error analysis

A detailed error analysis was conducted across all benchmark cate
gories. The majority of successful predictions occurred in deterministic 
entity-centric retrieval tasks, where Cypher-based graph querying 
consistently returned accurate geological attributes and sample 

metadata. Remaining failures were primarily associated with aggrega
tion, comparative, and multi-hop reasoning tasks. These errors largely 
resulted from incomplete deterministic rule coverage, schema-linking 
limitations, and unresolved reasoning patterns involving multiple 
graph relationships. Additional failures were associated with heteroge
neous data quality issues, including missing or incomplete attribute 
values within the source datasets. Importantly, the evaluation frame
work demonstrated that deterministic graph retrieval substantially re
duces hallucination risk compared to unconstrained LLM generation. 
Because all entity-level answers are grounded directly in structured 
graph data, the framework provides transparent and reproducible 
retrieval behavior for factual geological queries. These findings indicate 
that deterministic graph querying is highly effective for precise 
geological information retrieval, while advanced reasoning over com
plex geological relationships remains an important area for future 
enhancement.

3.5. Domain relevance and exploration utility

Beyond quantitative evaluation, the proposed framework demon
strates practical relevance for mineral exploration workflows. The sys
tem enables structured access to geochemical and geological data, 
supporting tasks such as identification of rare earth elements (REE)- 
enriched samples and deposits, analysis of multi-element associations (e. 
g., Li-Ga or REE groupings), and integration of geochemical, geological, 
and spatial attributes. These capabilities extend traditional database 
querying by enabling multi-relational exploration within a unified 
knowledge graph. Rather than relying on manual data inspection, users 
can perform structured queries that combine multiple attributes across 
samples and deposits. While the system does not replace domain 
expertise, it provides a scalable and interpretable tool for data-driven 
analysis, supporting exploration workflows and facilitating hypothesis 
generation in critical mineral research.

Fig. 3A shows an example Cypher query used to retrieve information 
for a sample (AU.7371885) linked to a deposit (Hemlo Williams) 
through the TAKEN_FROM relationship. Fig. 3C and D displays the 
property panels returned by the query for the deposit and sample nodes. 
The deposit node includes attributes such as deposit name (Hemlo 
Williams), deposit type (Mesozonal orogenic gold), deposit group 
(Orogenic), and deposit environment (Metamorphic hydrothermal). The 
sample node shows properties including sample UID (AU.7371885), 

Fig. 2. An Example subgraph showing the relationships between a specific sample and its associated deposit attributes and trace element concentrations. The central 
blue node represents the Woodlawn SampleRecord (SAMPLE_UID: AU.1,459,717), which is connected to four trace element properties via HAS_TRACE_ELEMENTS 
relationships: REE (136.0 ppm), HREE (0.0 ppm), LREE (136.0 ppm), and REE_Y (136.0 ppm). The large red node represents the Woodlawn Deposit (DEPOSIT_UID: 
AUS. NSW.335,841), linked to the sample through the TAKEN_FROM relationship. The deposit node is further connected to four key attributes: Deposit Environment 
(Volcanic basin hydrothermal), Deposit Group (Volcanogenic massive sulfide (VMS)), Deposit Type (Bimodal felsic VMS), and All Commodities (Zn, Cu, Pb, (Ag, Au)) 
via relationships HAS_ENV, HAS_GROUP, HAS_TYPE, and HAS_ALL_COMMODITIES. This visualization highlights both geochemical data and geological context, 
providing an integrated view of sample-deposit associations. (For interpretation of the references to color in this figure legend, the reader is referred to the Web 
version of this article.)
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sampling method (mine sampling), minerals (molybdenite, pyrite, 
quartz), texture (disseminated, vein), and a descriptive note about the 
shear banded quartz vein with disseminated pyrite and molybdenite. 
Together, these panels demonstrate how Cypher queries retrieve and 
visualize relationships and key geological properties within the knowl
edge graph.

3.6. Example queries for QA

A subset of 20 structured queries from the full set shown in Fig. 4 was 
selected as a benchmark for quantitative evaluation (Section 3.2), while 
the remaining queries serve as demonstration examples of system 
capability. These queries were designed to span multiple dimensions of 
the dataset, including geological, geochemical, sample-level, deposit- 
level, and spatial aspects, ensuring comprehensive coverage of the 
knowledge graph's capabilities. The goal was to test both accurate data 
retrieval and reasoning across all components of the hybrid GraphRAG 
pipeline. The queries include sample-specific questions, such as 
retrieving elemental concentrations, analytical methods, and mineral
ogical composition for individual samples. Deposit-level queries explore 
relationships between deposits and their attributes, including com
modities, deposit types, and associated provinces. In addition, advanced 
analytical queries were formulated to identify patterns, such as locating 
samples or deposits enriched in rare earth elements (REE) or associated 
with critical minerals, which are essential for resource assessment and 
exploration. These queries also form the basis of the quantitative 
benchmark described in Section 3.2, ensuring consistency between 
qualitative demonstrations and quantitative evaluation.

Each query is executed through the integrated pipeline, which 
combines three key components: Neo4j for structured graph queries, 
FAISS for semantic similarity search across unstructured text, and GPT- 
4o for contextual synthesis of retrieved information. This architecture 
enables the system not only to retrieve precise data from the graph but 

also to interpret and summarize complex relationships, providing users 
with both structured outputs and natural language explanations. This 
design allows direct comparison between deterministic, semantic, and 
hybrid responses, supporting systematic evaluation of each component's 
contribution.

Fig. 5 presents questions selected from the list in Fig. 4, along with 
their corresponding answers retrieved from the knowledge graph, 
illustrating how the QA system processes queries and returns structured 
information. These examples were selected because they have concise 
answers, making them suitable for display within limited space. While 
this figure shows only a small subset of possible queries, it demonstrates 
the system's ability to handle diverse question types related to geological 
and geochemical attributes.

3.7. Unified question answering (QA) architecture

The QA module integrates deterministic parsing, LLM synthesis, and 
semantic retrieval to enable robust, context-aware question answering. 
At its core, the system uses rule-based logic to extract user intent and 
generate structured responses. A suite of strongly typed builder func
tions handles tasks such as: Field and commodity extraction (e.g., 
resolving “Zn” to “zinc”); Numeric field detection (e.g., mapping “Fe2O3 
total” to FE2O3TOT_WT_PERCENT); Method classification (dis
tinguishing sampling vs. analytical methods); Compound queries (e.g., 
“samples with Zn and Cd”); Metadata and ranking queries (e.g., “top 5 
deposits for Mn”); Geographic resolution (e.g., interpreting “NSW” as 
New South Wales and “Victoria” as separate states in Australia, ensuring 
they are treated as distinct regions). To ensure reproducibility, all LLM 
interactions were executed with fixed parameters (temperature = 0), 
and prompts were logged during evaluation, enabling consistent and 
repeatable outputs across runs.

The system maintains comprehensive dictionaries that map human- 
readable terms to standardized identifiers, ensuring consistent 

Fig. 3. Example Neo4j Cypher query and returned results. Fig. 3A (top) shows the Cypher query used to retrieve information for the sample node (UID: AU.7371885) 
linked to the deposit node (UID: CAN. ON.0600,042) through the TAKEN_FROM relationship. The query extracts selected attributes for both nodes. Fig. 3B (lower 
left) displays the returned property panel for the sample node, listing attributes such as sample UID (AU.7371885), sampling method (mine sampling), minerals 
(molybdenite, pyrite, quartz), texture (disseminated, vein), and a descriptive note about the shear banded quartz vein with disseminated pyrite and molybdenite. 
Fig. 3C (lower right) shows the returned property panel for the deposit node, including deposit name (Hemlo Williams), deposit type (Mesozonal orogenic gold), 
deposit group (Orogenic), and deposit environment (Metamorphic hydrothermal). Together, these panels demonstrate how Cypher queries retrieve and present both 
relationships and key geological properties within the knowledge graph. (For interpretation of the references to color in this figure legend, the reader is referred to 
the Web version of this article.)
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interpretation of queries (for example, mapping “sample id” to SAM
PLE_UID and “Cd” to Cadmium) and alignment with DataFrame column 
names. All keys are normalized by converting to lowercase, removing 
punctuation, and deduplicating entries to guarantee robust matching 
across variations in phrasing. A dispatcher function composes these 
builders by prioritizing specificity and relevance while providing fall
back behavior when queries fall outside the supported scope. It supports 
multi-commodity, multi-attribute, and fallback scenarios to ensure 
reliable responses. The system also supports multi-column commodity 
groups (e.g., PGE, representing platinum group elements) and alias 
resolution, which allows queries to be interpreted accurately regardless 
of terminology.

An OpenAI LLM (GPT-4o) contextualizes deterministic outputs in a 
conversational format, instructed to rely primarily on structured logic 
and use semantic matches only for supplementary context. If requested 
data is unavailable, the LLM transparently communicates this, ensuring 
clarity and trust. The semantic layer retrieves contextually relevant 
passages using FAISS (dense vector retrieval), optionally backed by TF- 
IDF with cosine similarity. Integrated via LangChain and OpenAI em
beddings, FAISS indexes textual fields from the dataset. It ranks top-k 
snippets by similarity, falling back to disk-based FAISS with embed
ding caching if needed. Semantic retrieval is complemented by graph- 
based reasoning via Neo4j. When Cypher queries return no results, 
fallback logic ensures continuity. LangChain's RetrievalQA and Graph
CypherQAChain enable hybrid reasoning across unstructured and 
structured data. Final responses combine snippets from FAISS retrieval, 

results from Cypher graph queries, and a unified, markdown-formatted 
LLM-generated answer. Importantly, deterministic graph queries are 
executed prior to any LLM involvement, ensuring that authoritative 
results are derived directly from structured data before any generative 
synthesis is applied.

3.8. Interactive user interface (UI)

To support intuitive exploration and troubleshooting, the system 
provides a Jupyter-based interface built with ipywidgets. Designed for 
both technical and non-technical users, the UI abstracts underlying 
complexity and enables natural language interaction with the CMiO 
dataset. Key components include Dropdown menus for guided and 
example-based queries and free-form input for custom questions (Fig. 6).

Upon submission, each query, whether structured or free-text, passes 
through a three-stage pipeline (Fig. 7): Deterministic Response (Blue): 
Executes exact lookups using Neo4j and pandas to return authoritative 
data (e.g., deposit type, mineral composition, analytical method). LLM 
Response (Orange): Synthesizes deterministic and semantic outputs 
using GPT-4o, generating concise, contextual summaries grounded in 
geological relevance. Semantic Search Response (Green): Uses FAISS- 
based vector retrieval to identify contextually relevant passages when 
exact matches are unavailable. Results are displayed in side-by-side, 
color-coded answer boxes (Fig. 7), allowing users to compare deter
ministic accuracy, semantic relevance, and LLM interpretation. This 
layered presentation enhances transparency and interpretability. The 

Fig. 4. Example set of structured queries curated to evaluate the knowledge graph system and guide user interaction. These queries cover multiple dimensions of the 
dataset, including geological attributes (e.g., deposit type, stratigraphic unit, material class), geochemical properties (e.g., elemental concentrations such as SiO2, 
Fe2O3, REE, PGE), sample-level details (e.g., minerals, texture, sampling method), deposit-level relationships (e.g., commodities, deposit group, province), and 
advanced analytical queries (e.g., identifying deposits with critical minerals or rare earth element associations). By spanning these diverse aspects, the examples serve 
both as benchmarks for testing retrieval and reasoning capabilities and as templates to help users formulate their own questions.
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side-by-side presentation provides an explicit mechanism for users to 
evaluate consistency across retrieval modes, supporting transparency 
and facilitating qualitative validation of system outputs. By integrating 
structured logic, semantic retrieval, and generative synthesis, the 
interface enables users to pose complex queries such as “Which sample 

has the highest REE?” and receive responses that are both accurate and 
geologically meaningful. For example, it can return the sample's unique 
identifier (SAMPLE_UID), the value of its REE_PPM property, and details 
about its associated deposit, including name and other attributes.

This hybrid approach delivers scalable, user-friendly access to 

Fig. 5. Selected example questions from Fig. 4 and their corresponding answers, illustrating the system's ability to retrieve precise values such as elemental con
centrations, sample descriptions, and relationships between samples and deposits. The questions span multiple dimensions, including sample-level details (e.g., SiO2 
content, sampling method, minerals, texture), deposit-level attributes (e.g., commodities, deposit type, province), and advanced analytical queries (e.g., identifying 
samples with highest REE or PGE content). For brevity, only one to three representative answers are shown for each question.

Fig. 6. Interface for querying the dataset: Users can either type custom questions in the Free-Form section or select from predefined Example Questions (Fig. 4) to 
quickly run queries.
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intricate mineral datasets, empowering data-driven research and 
informed decision-making in the management of critical minerals. The 
interface also enables manual inspection of system behavior, allowing 
users to identify discrepancies between deterministic, semantic, and 
LLM-generated outputs, which complements the quantitative evaluation 
presented in Section 3.2.

3.9. Free-form natural language queries

The system also supports open-ended, user-driven questions, 
enabling flexible interaction with the Critical Minerals Knowledge 
Graph (CMKG) beyond structured example queries. A set of free-form 
natural language queries was developed to mimic real-world geolog
ical exploration scenarios (Fig. 8). These queries allow users to pose 

Fig. 7. Results of a single query answered using three complementary methods. The deterministic approach (left) returns exact, ranked results based on explicit 
analyte values. The LLM-based approach (center) synthesizes these results into a natural-language explanation highlighting the top deposits for each element (Mn, 
Dy, Nd, Pr, and Ge). The semantic similarity approach (right) retrieves contextually relevant deposits based on embedding similarity, providing additional descriptive 
metadata and relevance scores. Together, the figure illustrates how deterministic accuracy, interpretive reasoning, and semantic context contribute distinct yet 
complementary insights for query.

Fig. 8. Thematic grouping of free-form example queries. This figure shows representative free-form questions organized into six categories: Sample Metadata, 
Analytical and Numeric, Commodities, Deposit-Level, Location and Coordinates, and Drill/Dates/Provenance. Examples include queries such as “What is the 
sampling method and sample type of AU.1,459,702?“, “Provide LREE_PPM, HREE_PPM, REE_PPM, and REE_Y_PPM for sample AU.1457811”, “List deposits with both 
Zn and Cd as commodities”, and “Show samples collected in Victoria (VIC)”. These examples illustrate the system's ability to handle diverse geological questions 
ranging from precise analytical values to broader contextual insights.
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questions without predefined templates, testing the system's adapt
ability across structured and unstructured data. The free-form queries 
complement the structured benchmark by evaluating system robustness 
under realistic, unconstrained user inputs.

Free-form questions were organized into six functional categories 
that reflect the diverse information needs of geologists and mineral 
exploration professionals: Sample Metadata: Sample identifiers, collec
tion methods, and contextual details; Analytical and Numeric: 
Geochemical measurements, elemental concentrations, and statistical 
summaries; Commodities: Specific critical minerals or element groups; 
Deposit-Level: Deposit types, classifications, and related geological 
features; Location and Coordinates: Spatial queries involving geographic 
context; Drill, Dates, and Provenance: Temporal and source-related in
formation, including drilling history and sample chronology. This 
categorization ensures that the evaluation reflects real-world explora
tion workflows, including both precise analytical queries and broader 
contextual categorization.

Although the system supports open-ended natural language inter
action, the strongest quantitative performance was observed for deter
ministic entity-centric retrieval tasks. Consequently, the framework is 
most reliable when natural language questions can be mapped to explicit 
graph entities and structured geological attributes. More complex 
comparative and multi-hop reasoning scenarios remain areas for 
ongoing development.

To further assess performance, we compared three methods for 
answering a free-form query about rare earth element concentrations 
(LREE_PPM, HREE_PPM, REE_PPM, and REE_Y_PPM) for sample 
AU.1457811 (Fig. 9): Deterministic: Returned exact numerical values 
from the dataset; LLM: Interpreted the question using natural language 
to extract relevant values; Semantic: Provided contextual deposit in
formation with metadata-based scoring and interpretive insights. This 
comparison highlights the strengths and trade-offs of each approach, 
showing how CMKG can deliver both precise data retrieval and broader 
semantic exploration, depending on user needs. These results illustrate 
that deterministic retrieval ensures numerical accuracy, while semantic 
retrieval and LLM synthesis provide complementary contextual support 
without contributing to factual correctness. Together, these experiments 
demonstrate that the CMKG framework supports flexible interaction 
beyond predefined query templates while maintaining reliable, struc
tured data retrieval.

4. Discussion

The results demonstrate that the Critical Minerals Knowledge Graph 
(CMKG) successfully transforms the CMiO dataset into a scalable, 
queryable, and user-friendly analytical environment that supports 
complex geological and geochemical questions. The ingestion pipeline 
effectively handled more than 29,000 rows of heterogeneous data by 
applying a strict, ontology-derived schema and a modular batching 
strategy. This approach ensured type consistency, prevented duplication 
through MERGE operations, and enabled incremental updates without 
reprocessing the entire dataset. By serializing intermediate relationship 
dictionaries and supporting reconstruction through Neo4j, NetworkX, 
and embedding models, the pipeline provides the flexibility required for 
long-term, iterative graph growth. This robust foundation is essential for 
ensuring that downstream question-answering remains stable as the 
CMiO dataset evolves. Importantly, this deterministic ingestion process 
ensures that all downstream results are reproducible and grounded in a 
consistent, validated knowledge graph structure.

The curated set of 35 example queries highlights the system's ability 
to retrieve, relate, and contextualize geological and geochemical infor
mation across sample-level, deposit-level, and spatial dimensions. These 
structured tests show that the CMKG can resolve typical geoscience 
questions, such as elemental assays, analytical methods, mineral asso
ciations, and commodity groupings, while also handling more complex 
reasoning tasks, including identifying deposits with rare earth element 
signatures or tracing sample–deposit connections. Running these queries 
through the hybrid GraphRAG pipeline underscores the complementary 
strengths of deterministic Cypher retrieval, semantic similarity search, 
and LLM-based synthesis. Deterministic querying consistently yields 
authoritative, field-level answers, while FAISS provides contextual de
scriptions when relevant textual information exists, and LLM synthesis 
integrates both into a coherent, geologically meaningful narrative. 
These qualitative observations are consistent with the quantitative 
evaluation (Section 3.2), which shows that accuracy is primarily driven 
by deterministic graph querying, while the hybrid architecture preserves 
this accuracy and enhances interpretability.

The unified QA architecture is central to this performance. By 
combining deterministic parsing, typed builder functions, alias and 
synonym dictionaries, geographic disambiguation, and fallback se
mantic retrieval, the system can reliably interpret queries phrased in 

Fig. 9. Comparison of three query-processing approaches for a free-form analytical request. The example query, “Provide LREE_PPM, HREE_PPM, REE_PPM, and 
REE_Y_PPM for sample AU.1457811” is resolved using deterministic retrieval, LLM-based interpretation, and semantic similarity search. The deterministic panel 
(left) returns exact numerical values directly from the dataset. The LLM panel (center) reformulates these values into a concise natural-language summary, adding 
interpretive context regarding rare earth element distributions. The semantic panel (right) retrieves contextually related samples and deposit-level metadata, such as 
deposit name, type, province, associated commodities, and relevance scores, providing broader geological context beyond the requested numeric fields. Together, the 
figure illustrates how the CMKG system integrates precise data access with interpretive reasoning and contextual discovery.
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diverse, domain-specific language. The ability to resolve shorthand 
chemical symbols, multi-element commodity groups, analytical termi
nology, and state abbreviations indicates a high degree of linguistic 
robustness. The dispatcher function ensures that deterministic methods 
take precedence when structured data are available, while semantic 
retrieval and LLM interpretation provide resilience when queries fall 
outside predefined patterns. This layered logic results in consistently 
stable behavior, even when user phrasing varies widely or queries span 
multiple conceptual domains. This explicit prioritization of determin
istic retrieval addresses concerns regarding the reliability of LLM-based 
systems by ensuring that factual outputs are derived from structured 
data rather than generated heuristically.

The interactive Jupyter-based interface further demonstrates how 
these capabilities can be made accessible to a broad user community. Its 
design, featuring guided queries, free-form input, live examples, and 
instructional prompts, lowers the barrier to engaging with graph-based 
data structures. The three-panel output display is particularly important: 
by visually separating deterministic, semantic, and LLM responses, the 
interface increases transparency and allows users to understand how 
each method contributes to the final answer. This explicit differentiation 
supports scientific accountability, enabling researchers to distinguish 
empirically retrieved values from context-based semantic reasoning or 
LLM-generated narrative. The system thus provides both accessibility for 
non-experts and interpretive depth for advanced users. This trans
parency mechanism also supports qualitative validation of system out
puts, complementing the quantitative benchmark evaluation.

The evaluation of free-form queries highlights the system's flexibility 
in addressing real-world geological questions beyond predefined tem
plates. Queries span seven key categories, sample metadata, analytical 
values, commodities, deposit-level details, locations, drill/provenance 
data, and identity-based lookups, covering tasks such as retrieving 
sampling methods, analytical results, commodity associations, deposit 
sources, coordinates, analysis dates, and unique identifiers. Together, 
these categories reflect common workflows in mineral exploration and 
geoscience research. The system's ability to return precise numeric 
values, identify commodity associations, resolve geographic regions, 
and provide deposit-level context demonstrates that the hybrid archi
tecture generalizes beyond controlled examples. The three-way com
parison of deterministic, semantic, and LLM responses for rare earth 
element concentrations is particularly illustrative: deterministic logic 
returns exact values; the LLM reframes these values in a geological 
context; and semantic retrieval supplies deposit-level insight and rele
vance scoring. Together, these responses show how the CMKG can serve 
both as a factual data retrieval engine and as a tool for interpretive 
geological reasoning. This ability to handle both structured and open- 
ended queries addresses the challenge of out-of-scope or “out-of-bag” 
questions raised by the reviewers.

Overall, the results indicate that the CMKG's integrated architecture, 
spanning ingestion, structured querying, semantic search, LLM 
reasoning, and interactive visualization, successfully enables multi- 
modal exploration of a large and complex mineral dataset. The sys
tem's performance across structured examples and open-ended queries 
confirms that knowledge graph–based representations, when combined 
with hybrid retrieval and LLM synthesis, provide a powerful foundation 
for answering diverse geoscience questions. This approach improves 
data accessibility, enhances interpretive capabilities, and supports both 
expert and non-expert users in navigating critical mineral information. 
The demonstrated robustness, scalability, and transparency suggest 
strong potential for future extensions, including more advanced graph 
analytics, uncertainty quantification, and integration with additional 
geoscience datasets. Nevertheless, current limitations include depen
dence on the completeness of the underlying schema and the availability 
of structured attributes, which may affect performance for queries 
involving missing or sparsely represented data.

This work builds on prior efforts by overcoming the limitations of 
manual analysis, isolated relational databases, and standalone 

knowledge graphs. Traditional systems, while useful for structured 
storage, lack the flexibility to integrate heterogeneous attributes and 
support multi-relational reasoning. Our approach advances beyond 
these constraints by embedding the CMiO dataset into a semantically 
rich knowledge graph and coupling it with GraphRAG for hybrid 
retrieval and LLM-driven synthesis. This combination enables natural 
language interaction, multi-hop reasoning, and contextual interpreta
tion; capabilities absent in conventional database-centric workflows. By 
transforming static tables into an interactive, explainable knowledge 
ecosystem, the framework not only improves data accessibility but also 
accelerates pattern discovery and decision-making in critical mineral 
research. These contributions represent a significant step toward scal
able, transparent, and semantically grounded exploration of complex 
geoscience datasets. In contrast to LLM-only systems, the proposed 
framework ensures that all generated responses remain anchored to 
verifiable data sources, thereby reducing the risk of hallucination.

The Critical Minerals Knowledge Graph (CMKG) constructed in this 
work serves as a foundational layer for advanced graph analytics that 
can uncover deeper insights into mineral systems. Future work will 
leverage this structure for techniques such as community detection to 
identify clusters of related deposits, link prediction to infer missing re
lationships, centrality analysis to rank influential minerals or deposits, 
and graph embeddings for machine learning tasks like anomaly detec
tion and resource classification. These capabilities will enable predictive 
modeling and hypothesis generation, extending the system beyond its 
current question-answering framework. Future work will also explore 
integration with additional datasets and incorporation of temporal and 
multi-source data to address more complex geological scenarios.

5. Conclusions

This study demonstrates that a knowledge graph–driven architec
ture, combined with hybrid retrieval and LLM-based reasoning, can 
substantially enhance access to and interpretation of complex critical 
mineral datasets. CMKG knowledge graph establishes a robust founda
tion for representing geological, geochemical, spatial, and contextual 
relationships in an integrated framework by converting the CMiO 
dataset into a semantically structured graph of more than 29,000 re
cords. The ingestion pipeline, featuring strict schema enforcement, 
modular batching, and incremental update capabilities, ensures scal
ability, reliability, and long-term maintainability as new data are 
incorporated. The deterministic-first design ensures that all core results 
are reproducible and grounded in structured data.

The system consistently provides accurate, context-aware responses 
across 35 structured queries and a broad set of free-form natural lan
guage questions. Deterministic graph querying delivers authoritative 
factual retrieval, semantic search contributes relevant contextual in
formation when direct matches are unavailable, and an LLM-based 
synthesis layer unifies these outputs into coherent geological explana
tions. This hybrid approach enables users to navigate mineralogical, 
geochemical, and spatial relationships in ways that traditional relational 
databases or standalone LLMs cannot achieve. The side-by-side com
parison of deterministic, semantic, and generative outputs further en
hances transparency and fosters trust in the system's reasoning.

Quantitative evaluation demonstrates that deterministic graph 
querying is the primary driver of reliable factual retrieval within the 
CMKG framework. The benchmark evaluation achieved strong perfor
mance for entity-centric geological questions, with Exact Match and 
Contains Match scores of 88.9% and 94.4%, respectively, for entity 
lookup tasks. These results confirm that structured Cypher-based 
retrieval provides accurate and reproducible access to geological attri
butes stored within the knowledge graph. At the same time, the evalu
ation highlights the continued difficulty of aggregation, comparative, 
and multi-hop reasoning over heterogeneous geological datasets. These 
findings emphasize both the strengths and current limitations of hybrid 
geological question-answering systems and provide a transparent 
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foundation for future work involving advanced reasoning, schema 
expansion, and automated graph inference.

The interactive interface makes these capabilities accessible to both 
technical and non-technical users, allowing exploration of CMKG 
without requiring knowledge of Cypher, SQL, or the underlying schema. 
By accommodating diverse question types, ranging from elemental as
says and deposit attributes to provenance, sampling history, and 
geographic queries, the system supports real-world workflows in min
eral exploration, research, and resource assessment.

Overall, the CMKG framework illustrates the value of combining 
structured graph representations with modern retrieval and language 
technologies to unlock rich scientific insights from large geoscience 
datasets. The integration of strict data governance, hybrid question 
answering, and interpretable user interfaces positions the CMKG as a 
practical tool for critical mineral research and provides a scalable 
foundation for future extensions, including automated analytics, cross- 
dataset integration, and advanced mineral systems modeling. By 
explicitly separating deterministic retrieval from generative synthesis, 
the framework provides a transparent and reproducible alternative to 
purely LLM-based approaches.

6. Code availability statement

The Jupyter notebook used to construct the Critical Minerals 
Knowledge Graph (CMKG), including the full data ingestion pipeline, 
example queries, hybrid QA architecture, and the interactive Jupyter- 
based interface, is openly available in a public GitHub repository at: 
https://github.com/adavarpa/Critical-Minerals-Knowledge-Graph- 
CMKG- The repository includes the complete Jupyter notebook used for 
data processing, graph construction, and system evaluation, ensuring 
that all analyses presented in this work can be reproduced and extended 
by researchers.
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