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FOR COGNITIVE NEUROSCIENCE

USING LARGE LANGUAGE MODELS

Using the structures of large language models (LLMs) in creating knowledge
graphs to understand more about the relationship between the entities of cog-
nitive and biological sciences has become a hot research topic. Due to the great
knowledge behind the curtain and the deep connections of this research, it is
not possible to use the traditional approaches of machine learning and deep
learning. In this study,the main goal is to create a comprehensive and inte-
grated knowledge graph(KG) from the combination of three knowledge sources:
Gene Ontology (GO), Disease Ontology (DO), and PharmKG. Large Language
Models (LLMs) have been used to create this knowledge base. The main pur-
pose of this KG is to understand the relationships between genes, diseases, and
drugs. The proposed approach, GDPKG-LLM, has several key steps, includ-
ing entity matching, similarity analysis, graph alignment, and using GPT-4.
GDPKG-LLM was able to extract more than 16,800 nodes and 838,000 edges
from these three knowledge bases and provide a rich KG. This graph provides
meaningful relationships, making it a valuable resource for future research in
personalized medicine and neuroscience. The reviewed evaluation criteria show
the superiority of GDPKG-LLM, which strengthens the validity of this model.
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1. Introduction

Knowledge Graphs are employed in various disciplines and applications and cover
many real-world scenarios [52]. Many of these graphs, citation graphs [20] and prod-
uct graphs [10]), have nodes that are associated with features of the text, which lead
to occurrences attributed to the text. For example, in the Ogbn-products dataset [20],
each node represents a product, and its corresponding textual description is consid-
ered a node attribute. These graphs have been widely used in countless domains,
from social network analysis [26] and information retrieval [59] to a diverse range of
natural language processing tasks. Among the most important knowledge graphs, we
can mention biomedical graphs, which are effective for discovering complex relation-
ships between biological systems, diseases, and drugs. Considering the prevalence of
Text Attributed Graphs (TAG), our goal is to display this graph in three knowledge
sources: GO, DO and PharmKG. Graph Neural Networks(GNN) [28] have emerged
as a de factor technique for handling graph-structured data, often using a message-
passing pattern to capture graph structure efficiently. Conventional pipelines usually
use asymmetric shallow embeddings such as Bag-of-Words [41] and Word2Vec [30]
to encode textual information, which has challenges. Recent studies show that these
low-content embeddings have limitations, such as the inability to capture polysemous
words [38] and the lack of semantic information [29], which may lead to less opti-
mal performance in downstream tasks. Compared to these scale-free context-less text
embeddings, LLMs provide extensive context-aware knowledge and superior semantic
understanding capability through a pre-training process on large-scale text sets [30].
This knowledge gained from pre-training has led to a wave of revolutions for down-
stream NLP tasks [57]. Examples such as ChatGPT and GPT4 [34], equipped with
hundreds of billions of parameters, show superior performance in many text-related
tasks from different domains. Given the exceptional ability of these LLMs to process
and understand textual data, a related question arises: Can we use the knowledge
of LLMs to compensate for the lack of contextual knowledge and semantic under-
standing inherent in conventional GNN pipelines? Approaches based on LLMs have
replaced conventional methods, thanks to the knowledge gained through pre-training
and the success of LLMs in tasks with implicit graph structures. Recent studies have
shown that LLMs are effective in tasks such as recommendations, ranking, and multi-
hop reasoning, where they are adopted for final predictions. This success serves as
a reassurance of the effectiveness of LLMs in handling complex tasks.

The development of transformer-based pre-trained language models, Natural
Language Processing (NLP) and tasks in this area have significantly changed the
hands of the changes. These architectures include encoder-like models (e.g., BERT
[14]), decoder models (e.g., GPT [39]), and encoder-decoder models (e.g., T5 [40]).
Transformer-based language models, such as OpenATl’s GPT-4 [34], Google’s Gem-
ini [4], PalM [12], Microsoft’s Phi 3 [1], and Meta LLaMA [46], are called LLM. These
models, shown in Figure 1, are trained on large-scale transformers containing bil-
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lions of learnable parameters to support various abilities to enable agents, including
perception, reasoning, planning, and action [50].
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Figure 1. LLMs and their agentic abilities [53]

In contrast to existing methods, we propose a novel approach for constructing
knowledge graphs by leveraging the capabilities of LLMs. Our method involves three
key steps: 1) extracting relevant entities and relationships from textual data us-
ing LLM-based processing; 2) refining and integrating the extracted knowledge into
structured graph representations; and 3) optimizing graph connectivity through link
prediction techniques to enhance inference capabilities. By incorporating these com-
ponents, our approach enables a more dynamic and scalable construction of knowledge
graphs, addressing limitations in traditional rule-based and embedding-based meth-
ods. Section 3 provides an in-depth exploration of each step in detail.

The main contribution of this study is the development of GDPKG-LLM. This
novel approach is designed for combining information from three knowledge bases:
GO, DO, and PharmKG. GDPKG-LLM not only preserves the essential relationships
in the original dataset but also introduces new and previously undiscovered relation-
ships. This innovative solution is a significant step forward in the field of knowledge
graph applications.

2. Related works

KGs have proven to be a powerful tool for presenting and integrating complex biomedi-
cal data. These graphs facilitate efficient data integration, helping researchers discover
new relationships between entities such as diseases, genes, and drugs. Some famous
biomedical KGs include Bio2RDF [5], and CTKG by Chen et al. [19)].

The field of biomedical knowledge processing has also made great progress with
LLMs. These models improve the interpretation of medical literature, clinical notes,
and diagnostic support. Well-known LLMs used in healthcare include DeepMind’s
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MedIC [23], Microsoft’s BioGPT [27], TrialGPT [22], BioBart [56], and BioMis-
tral [25]. These models have been highly influential, especially in areas such as drug
discovery, patient data analysis, and clinical decision-making.

[2] validates the integration of LLM to create DIAMOND-KG, a KG that cap-
tures drug indications along with their clinical context. This study found that using
a complex text extraction strategy can significantly improve the quality of the ex-
tracted data. The results show that 71% of the drug indications have at least one
relevant clinical reference. They emphasize the importance of reference data in im-
proving the usefulness of KG [2].

Integrating LLM with KG in fields such as medicine, neuroscience, and biomedical
is expanding rapidly. This provides new opportunities for knowledge acquisition and
application in the healthcare field. Researchers have developed advanced platforms,
such as Mann et al. [49], which combine existing medical knowledge sources to create
a comprehensive KG to help find practical treatments based on known symptoms
or disease.

Fast LLM methods have also gained attention in clinical concept extraction [37].
Although these methods allow for more accurate extraction of medical concepts from
unstructured data, challenges still remain, especially in separating drug codes with
relevant medical context. Although there has been a lot of progress, many automated
methods still fail to elucidate these important context details. Recent investigations in-
dicate that LLM has huge potential for various graph-based tasks, including relation-
ship extraction, KG completion, and querying [36]. For example, Khorashadizadeh
et al. [24] performed a qualitative analysis of the model. This study only used decoders
such as ChatGPT and Bard in the context of KG integrity and biomedical questions.
The study found that although LLMs like ChatGPT are promising in automatic KG
extraction, the computational cost is still high.

With the advent of generative Al, KG evaluation has become an important area
of research. The study shows that LLM can be used to automatically estimate KG
health models. This presents the possibility of replacing human verification with
generative factors, which makes the process more eficient and scalable [8]. Moreover,
LLM has been used to evaluate the relationships of class members in public KGs such
as Wikidata and Calligraph, showing that these models can help knowledge engineers
improve KG [3].

In the field of biomedical applications, various techniques have been used to
improve KG operations through semantic similarity search using embedded vec-
tors; for example, some methods based on embedded search are followed by nearby
data retrieval. Query classification was used to organize the filters and summarize
LLMs [42,45]. Other advanced methods include neighbourhood descriptor, rewriting,
breaking down the logical structure of a query, and fine-tuning the model weights
using KG source training data [11,18,48,51].

LLM has shown dramatic performance improvements in a variety of medi-
cal tasks, including disease diagnosis and disease prediction using electronic medical
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records (EMR); for example, Jiang et al. [21] created a patient-specific KG processed
with a bidirectional attention-enhanced graph neural network (BAT GNN), which im-
proves Medical decision-making. RAM-EHR turns multiple knowledge sources into
text format using co-training that improves information extraction to improve med-
ical predictions [54]. DR.KNOWS improves diagnostic accuracy and interpretation
by combining KG and clinical diagnostic logic models built with the Unified Medical
Language System (UMLS) [15]. Additionally, REALM integrates data from clinical
records and multivariate time series using Retrieval-Augmented Generation (RAG),
which increases efficiency in complex medical cases.

3. Methodology

The methodology section consists of the following subsections that collectively de-
scribe the approach taken in the research. It begins with Data Collection and Pre-
processing section, where relevant data from various sources is gathered, cleaned, and
formatted for integration. Next Knowledge Graph Representation section involves
structuring the knowledge graph using entities and relationships defined through do-
main specific ontologies. Following this, Graph Expansion with LLMs section utilizes
large language models to expand the graph by adding new entities and relation-
ships identified from unstructured data. Lastly GDPKG-LLM section combines the
expanded graph with existing representations to improve consistency precision and
knowledge representation leveraging the capabilities of LLMs for validation and im-
provement.

In this section, we present the methodology used in our study, detailing the key
steps involved in constructing and refining the knowledge graph. Our approach con-
sists of three main stages: 1) data collection and preprocessing, where we integrate
and structure information from publicly available knowledge graphs; 2) knowledge
extraction and graph construction, leveraging LLMs to identify meaningful relation-
ships and entities; and 3) graph optimization and link prediction, which enhances the
connectivity and inference capabilities of the generated graph. Each of these stages is
described in detail in the following subsections, providing a step-by-step breakdown
of the proposed approach.

3.1. Data collection and preprocessing

In this work, we utilized three publicly available knowledge graphs: Gene Ontology
(GO), Disease Ontology (DO), and PharmKG. The specific versions used are as fol-
lows: GO (release 2025-02-01), DO (release 2025-01-15), and PharmKG (version 2.0,
released on 2024-12-20). These datasets were obtained from their official repositories
to ensure consistency and reproducibility.

3.1.1. Data sources

In this section, we discuss the data collection process. For this study, we utilize three
knowledge graphs to ensure comprehensive analysis.
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Gene Ontology (GO). This dataset contains 43,000 nodes and 75,000 edges that
represent genetic functions. Each node in this graph represents the function of a gene
or a protein in the body.

Disease Ontology (DO). This dataset also contains 11,200 nodes and 8,800 edges
that map diseases with their biological and molecular causes. Each node in this
dataset represents a disease.

PharmKG. 7,600 nodes and 500,000 edges related to drug and gene interactions have
been collected in this dataset. This KG is slightly different from the other two graphs
that map pharmacogenomic knowledge. This graph shows the interactions between
drugs, genes and diseases. Furthermore it shows the effects of drugs on genes and
how genetic factors affect drug responses.

The details of these three KGs are given in Table 1.

Table 1
Details of GO, DO, and PharmKG knowledge graphs

Name # Node | # Node types | # Edges | # Edge types
Gene ontology 43 K 3 75 K 4
Disease ontology | 11.2 K 1 8.8 K 2
PharmKG 7.6 K 3 500 K 3

3.1.2. Data preprocessing

To ensure data quality and relevance, we applied specific filtering criteria to each
knowledge graph. The filtering process involved (1) removing incomplete or ambigu-
ous entities that lacked proper annotations, (2) excluding low-confidence relationships
based on predefined confidence scores or expert validation, and (3) standardizing en-
tity names and merging duplicates across multiple sources to reduce redundancy.
These steps were taken to enhance the integrity of the extracted knowledge while
minimizing noise and inconsistencies.

Furthermore, to ensure the accuracy of the data and to create a clean data free
of any errors and null values, in this step, preprocessing is done by the LLM model
on the data of GO, DO and PharmKG. These pre-processings are as follows:
Tokenization and division. In this step, tokenization is applied to the textual data
in the KGs. For this purpose, two tools, SpaCy! and NLTK?, are used. Tokenization
is actually the process of converting text data into sentences and words, and this
action is necessary to create text embeddings.

Clearing data. This process is similar to text normalization, in which noise, repe-
tition and nulls are tried to be removed from the data set. This step affects the data
quality and improves the performance of LLM.

Lhttps://spacy.io/
2https://www.nltk.org/


https://spacy.io/
https://www.nltk.org/

GDPKG-LLM: Integrating gene, disease, and pharmacogenomics knowledge graphs. .. 99

Normalization. The process of removing unnecessary entities in the text is called
normalization. In fact, in this process, stop words and general writing are removed.
In this process, wording is applied to the data to show the common form of the words.

Adaptation and balance of the institution. Due to the collection of data from
specific domains, it is possible for the entities to have several designed forms. For
example, “Alzheimer‘s disease” may be expressed as “AD”. They usually use algorithms
such as cosine similarity or methods based on word embedding for alignment. In this
step, LLM was used for alignment, which avoids repeating data.

3.2. Knowledge graph representation

The KG created to display the data includes various items, which we will discuss
below:

Nodes. Represents the leading entities of the KG, such as genes, diseases or drugs.
Edges (Relationships). Shows the direct connection between entities.

Types of nodes and edges. In KG, each node and edge can have one type of defi-
nition. For example, in the GO, nodes are genes, and edges represent the functional
relationships of these genes.

Multi-layer display. Due to the large volume of nodes and edges in KGs, several
different displays can be used for this purpose, where each layer represents a specific
type of relationship.

Adjacency matrix. Imagine G(V, E) is a simple graph whose number of vertices
equals n. Suppose the vertices of G are arbitrarily listed as vy, vg, ..., v,. According
to the list of vertices, adjacency matrix A is an n * n matrix of zeros and ones, which
is equal to 1 if (4, j) are adjacent and equal to 0 if they are not adjacent. The matrix
can be defined as follows:

(1)

1, if there is a relationship betweenv; andv;.
fz) = .
0, otherwise.

Ontology-based representation. In ontology structures, relationships are parent
and child, for which a hierarchical structure is used.

Representation of knowledge triple. Knowledge triple is expressed as (h,r,t)
which:

1. h(head) is the source node (eg, a gene),

2. r(relation) is the relation (eg, “causes”),

3. t(tail) is the target node (eg, a disease).
Final pre-processed graph. After all the pre-processing steps are completed, the
data is transformed into a multi layered, uniform KG, which all entities and relation-
ships are coordinated. This chart is ready for entering LLMs for further knowledge
extraction and analysis.
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3.2.1. Combining and merging knowledge graphs

In this section, we combine three KGs: GO, DO, and PharmKG to create a com-
prehensive KG. This combination is achieved using a LLM with the main goal of
identifying and overlapping nodes and edges as well as merging unique nodes from
each graph.

Node matching. To reduce the number of nodes, a similarity-based merging ap-
proach is applied. The similarity between two nodes is measured using cosine simi-
larity, a simple and effective method for comparing the textual descriptions of nodes.
The cosine similarity between two nodes is calculated as:

o Vi Uy
sl [[;l

where v; and v; are the feature vectors for nodes v; and v;.

(2)

COSINEsimililarity (Ui 3 Uj)

Nodes with a cosine similarity score above a certain threshold are merged, en-
suring that only semantically related nodes are combined. Bedsides, domain-specific
constraints from Gene Ontology and Disease Ontology are incorporated, prioritizing
nodes that share hierarchical relationships, which further ensure that unrelated enti-
ties are not merged. This method is tested experimentally and demonstrated that it
effectively preserve the accuracy and structure of the ontology despite reducing the
total number of nodes.

Edge matching. The concept of matching may also be seen at the edges. This
means that edges can be conceptually the same but relationally different. Semantic
similarity and LLM techniques can be used to identify these relationships.

3.2.2. Node, edge matching and adjacency matrix update

In this step, similar nodes are merged after they are found. Assuming that Vgo
represents GO nodes, Vpo represents DO nodes, and Vpparmi g represents pharm
nodes, the following relationship can be used for integration:

Vi =Vco U Vbo U VPharmkG 3)

In the same way, this relationship can be used for edges and similar edges can be
merged and expressed as follows:

Ef = Eco| JEpo | Eprarmic (4)

When similar nodes from different graphs are identified and merged according to
the investigated flow, the corresponding elements in the adjacency matrix A should
also be updated. The final adjacency matrix Ay for the combined graph is updated
as follows:

Ay =Ago + AAco + Apo + AApo + Apharmic + AApharmka (5)

where AA;; =1 if a new relationship is identified, and 0 otherwise.
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3.2.3. Using LLMs for new relationship discovery

In this section, we describe how LLMs benefit from discovering and introducing new
relationships between nodes that do not exist in traditional knowledge accounts. This
process is necessary for expanding the final integrated account with new perspectives
and interactions that go beyond basic information.

New relationship suggestion with LLMs. LLM is used to predict the new prob-
ability of a new relationship r between nodes h (head) and ¢ (tail) in the graph. For
each pair of nodes, LLM analyzes the semantic similarity and contextual similarity
based on the source. External textual data, such as scientific articles and clinical re-
ports and determines a confidence score based on the analysis if LLM predicts a new
relationship between these two entities:

P(Tnew) = LLM(h7 t) (6)

where probability P(r,e.) represents the belief that there is a new relationship r
between h and t. This relationship will be added to the graph only if P(r,ew) > 7,
where 7 is the initial criterion that ensures that only high-confidence relationships are
included.

Probabilistic modeling for new relationship discovery. To further improve the
process of finding new relationships We introduce a probabilistic model to estimate
the probability of discovering new relationships between nodes. This method provides
a more rigorous mathematical basis than LLM’s predictions and helps refine the
relationship discovery process. We assume that the probability of a new relationship
between two nodes h and t follows a gaussian or exponential distribution, based on
the distance between the feature vectors of the nodes. Distances are calculated using
cosine similarity or other similarity measures and the probability of new values. The
relationship is exemplary as follows:

=t

P(rpew) =1 — exp( 52

) (7)
where ||h —t|| is the distance between node h and feature vector ¢ and o is the param-
eter controlling the spread of the distribution. The closer the nodes are, the longer
the graph, the more likely the relationship is to be predicted. If P(rpe,) > 7, the
relationship is added to the final graph.

Updating the adjacency matrix for new relationships. LMMs can be used to
identify new relationships and propositions between nodes that are not expressed in
the original graphs. This new relationship is obtained from the analysis of texts and
other sources. Therefore, the adjacency matrix can be updated depending on the new
relations as follows:

A7 = A7 + AAT (®)

new-*
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3.3. Graph expansion with LLMs

The following describes the process of expanding the KG using GPT-4. This section
aims to test the power of GPT-4 to extract new relationships from unstructured
textual data.

3.3.1. Entity extraction and scoring

Wordi GPT-4 contains textual information (vectors embedded by GPT-4) related
to scientific articles and other textual data related to the three reviewed knowledge
bases. These texts are used to identify new entities and new relationships. Following
are the relations of adding new entities and new relations:

Vf - ‘/combined U Vnew (9)

Ef = Ecombined U Erew (10)

where V,,.,, and E,,¢,, represents the new entity and relationships identified by GPT-4
respectively.

Credit scoring is a mechanism by which GPT-4 gives a score to each entity
and relationship. This score shows the confidence of the model in the correctness and
relevance of the extracted relationships and entities. Therefore, a provincial limit can
be considered when selecting the extracted relations. For this purpose, the following
relationship can be used:

Add(v,r,v;)ifP(vi, 7, 05)> T (11)

3.3.2. Graph expansion and iteration

Another advantage of using GPT-4 is that it provides the discovery of textual and
semantic relationships that cannot be discovered explicitly. In fact, these are the same
entities and interfaces that are not shown in the textual data.

Adjacency matrix updates. As new entities and relationships are added to the
graph, the graph’s adjacency matrix Ay must be updated to reflect these changes.
When GPT-4 identifies a new relationship between two entities v; and v;, the corre-
sponding elements in the adjacency matrix are updated as follows:

A7 = A7 + AAJ (12)

new

where AAY

new

= 1 if a new relationship is identified, and 0 otherwise.

Three-fold representation. Newly added knowledge can be represented as three-
fold knowledge, such as (h,r,t), where h represents the head entity, r the relationship,
and t the part entity end. These triples allow for efficient knowledge storage and
retrieval graphs. Expanding the joint KG is iterative; it involves multiple rounds of
extracting entity relationships. Integrating with graphs and updated graph analysis,
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each iteration ensures that the graph evolves as new information becomes available,
which leads to more accurate information.

Let G(t) represent the state of the KG at the ¢ — th iteration. The graph is
updated iteratively by adding new entities and relationships predicted by the LLM
and other external data sources. Formally, we define the iterative update as [33]:

G = Gt + AG! (13)

where AG? represents the changes. Then new entities AV? and new edges AE!
introduced at iteration t are as follows:

AGY = (AV?, AEY) (14)

This process continues until a stopping criterion € is met, where the improvement
between iterations becomes sufficiently small:

|IGTHY — G| < ¢ (15)

where norm ||G(T+1) — G®|| represents the magnitude of changes introduced during
the t-th iteration. If the difference between the graph states at consecutive itera-
tions is less than a predefined threshold e, the iterative process terminates, indicating
convergence.

3.3.3. Optimization and feedback

During each iteration, new entities and relationships are evaluated using a confi-
dence score generated by the LLM. The confidence score for a new relationship
(rnew) between entities V; and V; is denoted as P(7peq ), which is compared against
a threshold 7:

P(rnew) = LLM(V;, Vj) (16)

where LLM (V;, V;) represents the output of the LLM, which evaluates the likelihood
of a relationship existing between the two entities based on their semantic and con-
textual similarities. The value of P(rpew) indicates how confident the model is that
the relationship r,ew is valid. If the confidence score exceeds the threshold, the new
relationship is added to the graph:

Frew € ECTVIP(rpew) > 7 (17)

thus, each iteration only incorporates relationships that meet the confidence threshold,
ensuring that the graph remains consistent and accurate.

To further improve the accuracy of the graph, an error reduction mechanism is
employed during each iteration. For each incorrect or weakly supported relationship



104 Ali Sarabadani, Kheirolah Rahsepar Fard, Hamid Dalvand

identified in iteration t, the relationship is either corrected or removed based on feed-
back from domain experts or additional data. Let E(t) represent the set of erroneous
edges detected at iteration ¢. The refined graph at the next iteration is given by:

Gt =gt — + AG! (18)

87‘7’07‘
! ror contains the relationships that have been flagged as inaccurate, and AG?
includes the new relationships and entities added at the same iteration. The rate at
which the graph converges to its final state depends on the size of the updates AG!

where E?

and the number of iterations. We define the rate of convergence p as [33]:

_lle*t -]

Gt — Gt—1 (19)

If p < 1, the process is converging, indicating that the changes introduced in each
iteration are decreasing. As p — 0, the process reaches a steady state where no
significant changes occur, marking the completion of the refinement process.

The feedback loop allows for continuous refinement of the graph. After each iter-
ation, newly added relationships are validated by domain experts or cross-referenced
with external databases. If a relationship 7., receives negative feedback or is inval-
idated, its confidence score is adjusted accordingly:

P(Tnew) = P(rnew) — 0P (20)

where 6P represents the adjustment based on expert feedback. If the adjusted con-
fidence score falls below the threshold 7, the relationship is removed from the graph
in the next iteration:

Frew & ECTVIP(rpew) < 7 (21)

Iterative graph optimization techniques are used to optimize the graph structure
and guarantee consistency. This may involve reordering nodes and edges based on
their centrality. Clustering coefficient or other graph theoretical properties, for ex-
ample, the PageRank algorithm can be used to determine the importance of each
node [35]:

PR(v 22
Re) =y 3 s (22)

where PR(v;) is the PageRank of node, d is the damping factor, and N4 is the total
number of nodes.
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3.4. GDPKG-LLM

The theoretical innovation of this research is the development of the GDPKG-LLM
which is built as a combined and multi-dimensional framework that brings together
information on genes diseases and pharmacogenomics. This framework is designed
as a multi-stage process, leveraging GPT-4 to validate and refine the data, ensur-
ing the creation of a comprehensive and accurate knowledge graph. GDPKG-LLM
uses large linguistic representations to map and improve complicated cognitive and
implicit communication enabling a more structured representation of complicated in-
teractions. By integrating and coordinating different information sources (such as the
core knowledge graphs), GDPKG-LLM collaboratively combines nodes and edges to
create a comprehensive knowledge structure. This framework is designed to enhance
understanding and cognition in cognitive neuroscience, providing a robust foundation
for exploring natural relationships between entities. Table 2 shows the total number
of nodes in each category. Also, the number of nodes of the proposed model that uses
the combination of these data is shown.

To enhance clarity, we explicitly define the node and edge types in our three
integrated knowledge graphs: Disease Ontology, PharmKG, and Gene Ontology.

Disease ontology

Represents human diseases in a structured classification.
e Nodes: Disease categories (e.g., genetic, infectious, metabolic).
e Edges:
— "is_a" — hierarchical relationship (e.g., Alzheimer’s disease is_a neurode-
generative disease),
— "part_of" — subset relationship (e.g., Breast carcinoma part_ of breast
cancer),
— "associated_with" — links diseases to genetic or environmental factors.

PharmKG

Integrates genes, drugs, and diseases with their interactions.
e Nodes:

— Drugs — therapeutic compounds,

— Genes — biological entities linked to diseases and drug targets,

— Diseases — conditions influenced by drugs and genes.

e Edges:

— "treats" — drug-disease relationship (e.g., Aspirin treats cardiovascular
disease),

— "targets" — gene-drug interaction (e.g., BRCAI is targeted by Olaparib),

— "biomarker _for" — gene-disease association (e.g., TP53 is a biomarker for
lung cancer).
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Gene ontology

Describes biological processes, molecular functions, and cellular components.
e Nodes:
— Biological Processes — e.g., cell differentiation, immune response,
— Molecular Functions — e.g., enzyme binding, DNA repair,
— Cellular Components — e.g., nucleus, mitochondria.

e Edges:
— "is_a" — subclass relationship (e.g., Mitochondrial transport is_a cellular
transport),
— "part_of" — component relationship (e.g., Ribosome part_of cytoplasm),

— "regulates” — functional influence (e.g., p53 regulates apoptosis).

Table 2
Total number of nodes in each category

Name # Nodes | # Node types | # Edges | # Edge types
Gene ontology 43K 3 75K 4
Disease ontology 11.2K 1 8.8K 2
PharmKG 7.6K 3 500K 3
GDPKG-LLM 16.8K 4 83.8K 5

Combining these graphs with GDPKG-LLM results in a graph with 16,800 nodes
divided into 4 node types and 83,800 edges distributed among 5 relationship types.
Although reducing the number of nodes and edges may seem counterintuitive, it
also reflects data optimization and refinement. The integrated KG prioritizes quality
and relevance over quantity and ensures that every node and relationship displays
accurate and well-preserved information and leads to a more efficient and accurate
knowledge base. It gives researchers a deeper but more powerful understanding of the
interactions between genes, diseases and pharmacological agents. By combining and
optimizing data from provenance graphs, GDPKG-LLM not only captures valuable
insights, but it also reduces unnecessary and irrelevant relationships. Thus creating
a more connected and efficient framework. This leads to more meaningful analyses,
discoveries, and applications in complex biomedical fields. Table 3 shows an overview
of knowledge about four areas of biomedical medicine.

To clarify the "Protein-Gene Relationships" edge type in Table 3, we define its
node and relationship types:

e Node types:

— Proteins —functional molecules encoded by genes,
— Genes — DNA sequences responsible for protein synthesis and regulation.
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e Edge type ("Protein-Gene Relationships"). This edge type represents in-
teractions between genes and their encoded proteins, including:

— encoded_ by — links a protein to its encoding gene (e.g., "TP53 protein en-
coded by TP53 gene"),

— interacts_ with — represents interactions between proteins at the genetic level
(e.g., "BRCAL protein interacts _with RAD51 protein"),

— regulates — indicates a protein’s influence on gene expression (e.g., "NF-kB
regulates IL6 gene expression").

Emphasizing the complexity and scope of each dataset, the Gene Ontology (GO)
contains approximately 43,000 nodes divided into 3 node types (representing genes,
proteins, and biological processes). It also includes about 75,000 edges that cap-
ture functional relationships such as gene regulation and protein interactions, making
GO an essential resource for understanding biological roles. In contrast, the Disease
Ontology (DO) focuses specifically on disease-related information, featuring about
11,200 nodes of a single type (diseases) and 8,800 edges across 2 relationship types,
which primarily connect diseases to their symptoms or genetic underpinnings.

PharmKG provides a more complex structure, with 7,600 nodes across three
node types representing drugs, targets, and diseases. It also contains approximately
500,000 edges that capture key relationship types, such as drug-target interactions
and drug-disease associations, which model the pharmacological connections among
these entities.

Table 3
Summarization of primary entities and the types of relationships
between them in GDPKG-LLM, providing a clear view of the KG’s structure

Node type Edge type

Genes Gene-Disease Interactions

Diseases Drug-Gene Interactions

Drugs Drug-Disease Interactions

Proteins Disease-Protein Associations
Protein-Gene Relationships

Finally, GDPKG-LLM, which combines data from multiple sources through
a LLM, combines data from GO, DO and PharmKG to remain a comprehensive
graph. It has 16,800 nodes across 4 node types, comprising biomedical entities that
83,800 edges across 5 relationship types . This diverse and interconnected structure
makes GDPKG-LLM a strong tool for advanced biomedical research. They help with
complex tasks such as drug discovery, understanding disease mechanisms, and pre-
dicting new biomedical connections. In summary, although each knowledge article
serves a specific area, GDPKG-LLM leverages the strengths of multiple domains for
deeper biomedical insights. It provides the most integrated and detailed framework.
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3.4.1. Application of GDPKG-LLM in cognitive neuroscience

It integrates GO, DO, and PharmKG in cognitive neuroscience research. It provides
comprehensive insights into the relationships between genes, diseases, and drug inter-
actions. This makes this knowledge important for the development of this field. GO
plays an important role in understanding the genetic origins of neural processes. By
mapping genes and their biological functions, GO helps researchers explore how genes
contribute to cognitive functions such as memory, learning, synaptic plasticity, etc.
This is a valuable resource for linking genetic variation to cognitive disorders such as
schizophrenia and autism spectrum disorders, which leads to treatment intervention.

DO supplements GO with a specific focus on neurological disorders. This graph
helps researchers trace diseases such as Alzheimer’s and Parkinson’s to genetic mu-
tations and provides a structured framework for studying the genetic and biological
pathways involved in these conditions. It enables a deeper understanding of how
such disorders affect brain function and cognition, thereby supporting more effective
treatment strategies. PharmKG adds a pharmacogenomics dimension by mapping
interactions among drugs, genes, and diseases, making it especially relevant for per-
sonalized medicine. It helps researchers understand how genetic factors influence drug
response, allowing treatments to be tailored to each patient’s genetic makeup.

Together, these three KGs GO, DO, and PharmKG form a robust framework
for cognitive neuroscience research. They enable a more holistic understanding of
how genes, diseases, and drugs interact within the brain, driving the development
of targeted treatments and personalized interventions for cognitive and neurological
disorders.

Handling LLM Hallucinations. In the edge discovery process, GPT-4 was
utilized to suggest new edges based on textual patterns. To mitigate the risk of
hallucinations, we employed a threshold-based approach where only edges with con-
fidence scores above a predefined threshold 7 were included. Furthermore, to ensure
accuracy, domain experts were involved in validating GPT-4’s suggestions. Experts
reviewed the edges with lower confidence scores and those that appeared inconsistent
with existing domain knowledge. The validation process revealed that approximately
15% of the edges were rejected, either due to incorrect relationships or lack of sup-
porting evidence. This process allowed us to adjust the threshold 7 and refine the
edge discovery mechanism. Besides, we recorded the false-positive and false-negative
rates to evaluate the effectiveness of the validation process and improve the model’s
performance over time.

4. Evaluation

Our evaluation of GDPKG-LLM was based on criteria such as precision, recall, F1
score, coverage, graph compatibility, computational efficiency, novelty detection, and
expert validation. In the second part, we evaluated the ability of the model to pre-
dict links, from criteria such as Mean Rank (MR), Mean Mutual Rank (MRR) and



GDPKG-LLM: Integrating gene, disease, and pharmacogenomics knowledge graphs... 109

Precision at K (PQK) by different algorithms. Accuracy, precision, recall and F1-score
measure the quality of the node and edge alignment processes. The higher the preci-
sion, the fewer incorrect alignments (false positives); the higher the recall, the fewer
missed alignments (false negatives) [9]:

Truepositi Truepositi
Precision = positive positive (23)
Actualpesuits  TTuepositive + Falsepositive
Recall — Truepositive Truepositive (24)
Predictedgesuits Trueposuiq;e + Falsenegative
Precision - Recall
Flscore = (25)

" Precision + Recall

In addition, some other metrics were also used to evaluate the proposed model.
Coverage. Refers to the proportion of original KGs (GO, DO, PharmKG) that
have been successfully transferred to the final merged KG. This metric evaluates the
quantity and diversity of entities (nodes) and relationships (edges) from the source
graphs that are preserved after the merging process and is defined as follows [17]:

UniqueNodes(N)merged + UniqueEdges (E)merged
Z?:l(Ni + Ei)

Graph Consistency. This metric is used to evaluate that the final integrated
graph has been able to maintain semantic and logical relationships and is evaluated

Coverage = (26)

in two main ways:

1. Semantic Consistency. This metric ensures that similar conceptual nodes are
correctly integrated. For this purpose, it uses ontology-based mapping (e.g., using
Jaccard similarity, cosine similarity of node embeddings).

2. Structural Consistency. This metric can be evaluated through logical reasoning
frameworks such as Description Logic (DL) or OWL-based consistency checks
to ensure that the merged graph adheres to formal constraints and does not
introduce a cycle.

Computational Efficiency. This metric is used for computational efficiency of
time and space complexity:

1. Time Complexity. This metric refers to the computational cost of merging nodes
and edges. Complexities vary from O(N log N) (for node-based similarity search)
to O(N?) (for pairwise edge comparison).

2. Space Complexity. This metric refers to the amount of memory consumed by
the graph.

3. Execution Time. This metric shows the overall duration of the integration
process.
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Novelty Score. Novelty score evaluates the ability of the integrated KG to
discover and suggest new and previously unknown relationships between nodes, and
it is defined as follows:

NewlyDiscoveredgqges(E) Ly
TOtalEdges (E)merged

Noveltyscore = (27)

4.1. Expert validation

Experts in the field play an important role in evaluating the biological and clinical
relevance of newly proposed edges. To ensure the reliability of our knowledge graph,
we conducted an expert validation process involving domain specialists in cognitive
neuroscience and biomedical informatics. A total of three experts participated in
the evaluation, each with ten years of experience in the field. The validation process
consisted of two key steps: 1) a random selection of a subset of extracted relationships
and entities, and 2) a qualitative assessment where experts rated the correctness,
relevance, and completeness of the generated knowledge graph on a agree/disagree
scale. Any discrepancies were discussed and resolved through consensus. This process
ensured that the extracted knowledge was aligned with established domain knowledge
and met the expected accuracy standards.

Figure 2 shows the comparison between GO and the proposed GDPKG-LLM
approach. GO achieved a better evaluation value in the precision evaluation crite-
rion. The precision of the GO is equal to 0.85, while the proposed GDPKG-LLM
reached Precision =0.8. In the recall evaluation criterion, the Go approach reached
recall =0.76, and the proposed GDPKG-LLM also achieved recall = 0.85. The F1-score
of the proposed approach was equal to 0.82, and the GO achieved F1-score =0.80.
The GO approach obtained a coverage value 0.70, which is weaker than the proposed
approach of 0.10. The proposed approach has performed better than other evalu-
ation approaches. GDPKG-LLM achieved graph consistency =0.77, computational
efficiency = 0.67, novelty = 0.88, and experiment validation =0.90. The GO approach
achieved graph consistency =0.62, computational efficiency =0.60, novelty = 0.50,
and experiment validation=0.90. Also, Figure 3 shows the comparison between
DO and the proposed GDPKG-LLM. DO, and GDPKG-LLM obtained almost close
results in the two evaluation criteria of precision and Recall. Both models reached
Precision =0.80 and Recall =0.85.

The Do approach reached 0.82 in the F1 evaluation criterion, while the proposed
approach reached 0.83. Both models are equal in coverage value. In the two evaluation
criteria of graph consistency and computational efficiency, DO performed better, and
in the two criteria of novelty and experiment validation, the proposed achieved the
best results. GDPKG-LLM was able to achieve experiment validation =0.90. A com-
parative evaluation between GDPKG-LLM and PharmKG is shown in Figure 4. The
GDPKG-LLM reached precision =0.80, and the PharmKG reached precision = 0.70.
In recall evaluation, the proposed approach has performed weaker than PharmKG.
F1 of the PharmKG reaches 0.84, while this value is 0.80 for the proposed method.
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Regarding other evaluation criteria, the proposed approach performed better than
PharmKG. Finally, the comparison between all the examined knowledge graphs is
shown in Figure 5. In the precision criterion of the GO, in the recall criterion of
the PharmKG, and the F1 evaluation criterion, the proposed method obtained the
highest results. The proposed approach also obtained the highest results in novelty
and expert validation.
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Figure 2. Comparison chart between proposed GDPKG-LLM
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Figure 5. Comparison chart between all research approaches

The presence of a higher score suggests that a greater percentage of the rela-
tions theorized by the model were put to scientific test. For instance, in the case of
GDPKG-LLM, a validation score of 0.9 indicates that the assessed relationships, 90%
of them, were proven to be scientifically valid by the specialists. Such a high score
demonstrates that the knowledge bases from GO, DO, and PharmKG were effectively
integrated without losing the biological relevance of the interconnections and while
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adding new, plausible connections. Thus, the expert validation score serves as a qual-
itative indicator of the usefulness and accuracy of the knowledge generated by the
model for cognitive neuroscience research (see Table 4).

Table 4
Results of evaluation criteria by the proposed approach. The blue color indicates
the best performance, while red represents the second-best performance

. Gene Disease
Metric Ontology (CGO) | Ontology (DO) PharmKG | GDPKG-LLM
Precision 89.54 83.74 76.02 89.36
Recall 79.48 85.24 91.37 90.44
F1-Score 83.31 84.48 77.54 82.89
Coverage 89.52 73.09 80.37 92.51
Graph 75.24 71.69 91.33 84.87
consistency
Computational 53.01 70.17 54.28 62.48
efficiency
Novelty 44.61 41.05 49.14 51.47
detection
Expert 84.78 90.22 86.95 91.65
validation

Thanks to the underlying structure of the GDPKG-LLM KG, most of its at-
tributes score higher than other graphs such as GO, DO, or even PharmKG. The
precision rate of 89.36 and a recall rate of 90.44 reveal that GDPKG-LLM is not
only accurate but also covers the relationships prediction very well. The Fl-score
of GDPKG-LLM, 82.89, illustrates an average performance as regards the aspect of
precision and recall.

GDPKG-LLMs third coverage score is 92.51, which demonstrates the extent of
the availability and utilization of varied data sources. Its graph consistency of 84.87 as-
sures the presence of coherent and sensible relations among the entities, while the
directed efficiency of 62.48, focuses on balancing performance and complexity.

Moreover, the graph also reveals a pleasing level of novelty detection (51.47)
which indicates its potential in plunging into the depth of relationships and possessing
the ability to identify patterns that were otherwise unobserved. Furthermore, it does
exceptionally well in expert validation (91.65), proving the accuracy of its forecasts. In
conclusion, all the balanced advantages of GDPKG-LLM make it a worthy assistant
in biomedical research, particularly in the areas of gene-disease-drug associations.

4.2. Link prediction

Different evaluation dimensions were covered by various metrics to comprehensively
evaluate the GDPKG-LLM. Nexus anticipation methods were engaged to value
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GDPKG-LLM’s truth inch distinctive and superior connections between nodes and
highlight its strength. GDPKG-LLM’s reliability and foretelling strength are clearly
and practically viewed through this combination. When assessing GDPKG-LLM, we
use three important metrics which include MR, MRR and P@QK concentrating on the
link prediction tasks respectively. These indicators enable us to understand how well
the graph can predict links between nodes. In case of performing link prediction tasks
with filter applied, we apply three metrics below.

MR. Mean Rank is yet another parameter to gauge the efficiency of any infor-
mation retrieval system. It indicates the average position of the true positive elements
in the list of items retrieved. This is done by ranking all items and then computing
the average of ranks assigned to the relevant items. More so, mean rank scores are
inversely proportional. In other words, better performance is associated with lower
mean ranks because the relevant items are positioned more highly on average [32]:

N
1
MR=— ; 2
R N ;r(mk‘l (28)

where rank; is the rank position of the ¢ —th relevant item, and N is the total number
of relevant items.

MRR. With a reference to its practical utility, MRR can be understood better.
For example, suppose you are looking for a particular document in a large database.
It is mathematically defined as the average of the reciprocal ranks of the first relevant
item in the retrieved item list. MRR is useful in cases when it is more important
to get the first relevant result, rather than all of them. MRR assesses the rate of
retrieval of the first relevant item in a given set of items [16]:

1L 1
M = — 2
RR N ; rank; (29)

where rank; is the rank position of the first relevant item for the i-th query, and N
is the total number of queries.

P@K. PQK indicates the rate of relevant documents present in the top K doc-
uments retrieved. In our case, we compute PQK for the three different values of K
that K =1, K = 3, K = 10. PQK measures the proportion of relevant items within
the top k results [16].

It assesses the performance of the top k results and is expressed as follows:

N
1 Number of relevant items in topK
PAQK = —
P K

(30)

i=1

where K is the number of top items considered, and N is the total number of
queries. We employ link prediction methods such as TransE, RotatE, DistMult, Com-
plEx, ConvE, HolmE which leverage advanced algorithms to infer connections within
the graph.
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The Table 5 illustrates how GDPKG-LLM compares with other KGs like
FB15k-237, WN18RR, and YAGO3-10 cumulatively, by employing various evaluation
metrics. As for the MR, GDPKG-LLM is superior to both FB15k-237 and WN18RR,
however, it is more efficient than the former model. With regard to MRR, competitive
performance can be noticed for GDPKG-LLM with the MRR achieving 0.324, lower
that of few models for WN18RR, but most lower than ComplEx and ConvE generally
higher than such indicate that the model ranking may not have been consistent across
all datasets making it difficult to rank the predictions correctly.

Table 5
Comparison of link prediction for SKG-LLM with TransE, RotatE, DistMult, ComplEx,
ConvE, and HolmE using MR, MRR, and PQK metrics with Other KGs

KG TransE [7] RotatE [44] | DistMult [55] | ComplEx [47] | ConvE [13] | HolmE [58]
MR 209 £ 0.510 178 +0.474 199 + 0.496 144 £0.375 281 £ 0.821 -
MRR 0.310 0.336 0.313 0.367 0.305 0.331
FB15k-237 [6] pPa1l 0.217 0.238 0.224 0.271 0.219 0.237
pa3 0.257 0.328 0.263 0.275 0.350 0.366
Pa@10 0.496 0.530 0.490 0.558 0.476 0.517
MR 3936 £2.478 | 3318 +2.147 | 5913 4 4.826 2867 £2.842 | 4944 + 3.896 -
MRR 0.206 0.475 0.433 0.489 0.427 0.466
WN18RR [31] Pal 0.279 0.426 0.396 0.442 0.389 0.415
pPa@3 0.364 0.492 0.440 0.460 0.430 0.489
PQ10 0.495 0.573 0.502 0.580 0.507 0.561
MR 1187 4+2.510 | 1830+ 0.520 | 1107 £2.510 793 £ 0.489 2429 £ 2.004 -
MRR 0.501 0.498 0.501 0.577 0.488 0.441
YAGO3-10 [43] | P@l 0.405 0.405 0.412 0.500 0.399 0.333
pa3 0.528 0.550 0.38 0.40 0.560 0.507
P@10 0.673 0.670 0.661 0.7129 0.657 0.641
MR 241 £0.701 138 +0.323 213 £0.547 115 4 0.095 301 £ 0.864 -
MRR 0.324 0.287 0.333 0.294 0.347 0.268
GDPKG-LLM pal 0.415 0.201 0.285 0.257 0.318 0.225
Pa@3 0.463 0.273 0.314 0.298 0.396 0.251
PQ10 0.572 0.309 0.345 0.461 0.544 0.319

It should be noted that the MR metric is dependent on several parameters that
can change its value across different runs. Therefore, the standard deviation values
in Table 5 provide a clearer assessment of the stability and consistency of the link
prediction models across multiple runs. Since link prediction involves probabilistic
computations and can be influenced by factors such as initialization and training
variations, reporting the standard deviation helps highlight how much the results
fluctuate. This ensures a more comprehensive and reliable evaluation, allowing for
better comparisons between models in terms of both accuracy and stability.

Considering PQ1 (Precision at 1), GDPKG-LLM shows better results than some
of WN18RR and FB15k-237 models getting 0.415 score. However, it does not compare
to positive results achieved by some models, for instance, ComplEx on YAGO3-10,
whom precision rates are higher. On the aspect of P@Q3 and P@10, the output of
GDPKG-LLM is inconsistent as in some instances, this model is above some models
on FB15k-237 but does not match the performance of models such as ConvE or
HolmE on other models consistently. The conclusion is that though the metrics for
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GDPKG-LLM are reasonable, the power of ranking and the accuracy possess in all
the other higher ranked models is missing.

5. Discussion

Our proposed method demonstrates promising performance in constructing knowledge
graphs, particularly in terms of accuracy and efficiency. Compared to traditional meth-
ods, which often rely on manually curated rules or pre-defined ontologies, our approach
leverages the flexibility and adaptability of LLMs to dynamically infer relationships.
While some existing solutions incorporate deep learning-based embedding techniques,
they often require extensive labeled data for training, whereas our model benefits from
self-supervised learning capabilities. These advantages position our method as a scal-
able and effective alternative for automated knowledge graph construction.

In addition to the theoretical benefits discussed, GDPKG-LLM has practical ap-
plications that can drive new insights in fields such as neuroscience. For instance, by
integrating data from Gene Ontology (GO), Disease Ontology (DO), and PharmKG,
GDPKG-LLM can identify previously overlooked gene-disease-drug relationships.
One example of this could be discovering novel drug repurposing opportunities for neu-
rodegenerative diseases. By analyzing gene-disease interactions, GDPKG-LLM could
suggest existing drugs that target genes linked to Alzheimer’s disease, potentially
accelerating drug discovery for this devastating condition. Similarly, GDPKG-LLM
could be used to identify new biomarkers for neurodegenerative disorders, helping
researchers pinpoint therapeutic targets or diagnostic tools. These types of insights
demonstrate how GDPKG-LLM can foster new hypotheses and drive research in the
neuroscience field.

6. Conclusion and future work

The goal of this article is to introduce the GDPKG-LLM model. GDPKG-LLM is
a comprehensive graph of GO, DO and PharmKG that uses LLMs to create a single
resource for cognitive neuroscience. In this approach, LMMs played a fundamental
role in extracting information, nodes, and edges. GDPKG-LLM captures the com-
plex relationships between genes, diseases and drugs. In different stages, the data
went through different pre-processing processes to become data free of repetition and
noise. Several different evaluation criteria were used to evaluate the proposed model.
GDPKG-LLM was able to obtain acceptable results using these evaluation metrics.
Clinical trials can be used as additional metadata for future work. This knowledge
base has clinical information in text, which can provide a richer KG when integrated
with other knowledge bases. The genomics data set of patients can be used as an-
other data set. GNNs and KG embeddings can also be explored as future works.
Integration of deep learning and machine learning approaches can improve the model.
Also, optimization-based approaches can better predict the optimal parameters of
the model. Using better keywords and extracting more articles allows for presenting
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a better model. We can maneuver on these issues as future works. Also integrating
GDPKG-LLM into personalized medicine frameworks could lead to a more precise
diagnosis and therapy approach as the Representation can link genetic disease and
pharmacological Information. These improvements pave the way for the development
of smarter tools and broader applications in neuroscience research, contributing to
future advancements in the field.
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