Transactions on Machine Intelligence 9(1) (2026) 1-15

ISSN Online: 2821-1693
Transactions on Machine Intelligence
Journal Homepage: https://tmachineintelligence.ir/index.php/TMI

MultiCNKG: Integrating Cognitive Neuroscience, Gene, and Disease
Knowledge Graphs Using Large Language Models

A. Sarabadani ", Kh. Rahsepar Fard 2, H. Hariri®

! Department of Computer Engineering and Information Technology, University of Qom, Qom, Iran.
2 Department of Computer Engineering and Information Technology, University of Qom, Qom, Iran.
3 Department of Electrical and Computer Engineering, Malek Ashtar University of Technology, Tehran, Iran.

ARTICLE INFO ABSTRACT
The advent of large language models (LLMs) has revolutionized the integration of
Article History: knowledge graphs (KGs) in the biomedical and cognitive sciences, effectively

Received 26 November 2025 overcoming the limitations of traditional machine learning methods in capturing

Received in revised form 4
January 2026

Accepted 22 February 2026
Available online 1 March 2026

Keywords:

Knowledge Graph, Large
Language Models, Cognitive
Neuroscience, Gene Ontology,
Disease Ontology, Knowledge
Integration

intricate semantic links among genes, diseases, and cognitive processes. This paper
introduces MultiCNKG, an innovative framework that merges three distinct
knowledge sources: the Cognitive Neuroscience Knowledge Graph (CNKG),
containing 2.9K nodes and 4.3K edges across 9 node types and 20 edge types; the
Gene Ontology (GO), featuring 43K nodes and 75K edges across 3 node types and 4
edge types; and the Disease Ontology (DO), comprising 11.2K nodes and 8.8K edges
with 1 node type and 2 edge types. Utilizing advanced LLMs such as GPT-4, we
perform automated entity alignment, semantic similarity computation, and graph
augmentation to construct a unified, cohesive KG that interconnects genetic
mechanisms, neurological disorders, and cognitive functions. The resulting
MultiCNKG unified graph encompasses 6.9K nodes across 5 distinct types and 11.3K
edges spanning 7 relational types, establishing a multi-layered analytical pipeline from
molecular to behavioral domains. Empirical evaluations demonstrate robust
framework performance, achieving an 85.20% precision rate, 87.30% recall, 92.18%
coverage, 82.50% graph consistency, a 40.28% novelty detection rate, and an 89.50%
expert validation score. Furthermore, link prediction benchmarks utilizing TransE
(MR: 391, MRR: 0.411) and RotatE (MR: 263, MRR: 0.395) yield highly competitive
performance against standard benchmarks like FB15k-237 and WN18RR. Ultimately,
this integrated KG advances clinical and research applications in personalized
medicine, cognitive disorder diagnostics, and data-driven hypothesis formulation
within cognitive neuroscience.

1. INTRODUCTION

Knowledge Graphs (KGs) have become foundational assets across numerous computational paradigms,
effectively modeling complex relational entities within diverse real-world scenarios [1]. A significant subset of these
structures such as scholarly citation networks [2] and e-commerce product graphs [3] manifest as Text-Attributed

" Corresponding author: a.sarabadani@stu.qom.ac.ir
Department of Computer Engineering and Information Technology, University of Qom, Qom, Iran.

d http://dx.doi.org/10.22034/TMI1.2026.244943

© 2026 by the authors. Licensee T.M.I, Tehran, Iran. This article is an open access article distributed under the terms
E and conditions of the Creative Commons Attribution (CC-BY) license (http://creativecommons.org/licenses/by/4.0/).


http://dx.doi.org/10.22034/TMI.2026.244943
http://dx.doi.org/10.22034/TMI.2026.244943
http://creativecommons.org/
mailto:a.sarabadani@stu.qom.ac.ir

A. Sarabadani et al./ Transactions on Machine Intelligence 9(1) (2026) 97—114

Graphs (TAGs), where structural nodes are intrinsically linked to rich textual metadata. For example, in benchmark
datasets like ogbn-products, each discrete node represents a commercial product, utilizing its textual description as
a high-dimensional node attribute [2]. These TAG architectures are widely deployed across multiple domains,
including social network analysis [4], semantic information retrieval [5], and a broad spectrum of natural language
processing (NLP) tasks. Among these, biomedical KGs are particularly vital due to their exceptional capacity to map
and uncover the highly intricate, multi-layered interconnections governing biological systems, pathological diseases,
and genetic mechanisms.

Driven by the prevalence and utility of TAGs, the primary objective of this investigation is to engineer a unified
knowledge graph architecture that synthesizes three heterogeneous biomedical knowledge sources: the Cognitive
Neuroscience Knowledge Graph (CNKG), the Disease Ontology (DO), and the Gene Ontology (GO).

Concurrently, Graph Neural Networks (GNNs) [6] have emerged as the standard algorithmic framework for
processing graph-structured data, utilizing iterative message-passing mechanisms to capture local neighborhoods
and topological structures. However, traditional GNN pipelines heavily rely on shallow, non-contextual embedding
paradigms such as Bag-of-Words (BoW) [7] and Word2Vec [8] to encode textual node attributes. Recent literature
underscores that these shallow representations are structurally restricted; they struggle to resolve polysemous lexical
tokens [9] and lack the semantic depth required to capture complex context [10], which frequently degrades
performance in downstream analytical tasks.

In contrast, Large Language Models (LLMs) offer extensive context-aware parametric knowledge and superior
semantic comprehension, achieved via self-supervised pre-training on massive text corpora [8]. This pre-trained
foundation has driven a major shift in downstream NLP tasks [11]. State-of-the-art architectures such as ChatGPT
and GPT-4 [12], which leverage hundreds of billions of parameters, consistently demonstrate exceptional
performance across diverse text-driven applications. This architectural evolution introduces a critical research
question: Can the contextual and semantic capabilities of LLMs compensate for the structural and representative
shortcomings of traditional GNN pipelines? Recent LLM-driven methodologies have increasingly replaced
conventional text encoders, successfully leveraging pre-trained weights to excel in tasks characterized by implicit
graph structures including personalized recommendation, semantic ranking, and multi-hop reasoning. This success
highlights the capacity of LLMs to navigate complex, multi-modal relational challenges.

The rapid evolution of Transformer-based language models has fundamentally transformed the landscape of NLP
and relational data mining. These deep architectures are structurally classified into encoder-only variants (e.g., BERT
[13]), decoder-only networks (e.g., the GPT series [14]), and unified encoder-decoder topologies (e.g., TS [15]).
Frontier models including OpenAl’s GPT-4 [12], Google’s Gemini [16], PaLM [17], Microsoft’s Phi-3 [18], and
Meta’s LLaMA [19] are collectively categorized as LLMs. Engineered on large-scale Transformer blocks with
billions of parameters, these networks manifest advanced agentic capabilities, spanning automated perception, multi-
step logical reasoning, strategic planning, and autonomous action execution [20].

Capitalizing on these paradigms, the primary contribution of this study is the development of MultiCNKG-LLM,
an innovative framework designed to systematically integrate data from three distinct knowledge bases: CNKG, DO,
and GO. The MultiCNKG-LLM framework not only preserves the critical, explicit relationships inherent in the
source datasets but also leverages the semantic reasoning of LLMs to uncover novel, previously hidden connections.
This integrated approach represents a substantial advancement in the scalability and utility of biomedical knowledge
graphs.

2. RELATED WORKS

Knowledge Graphs (KGs) have emerged as powerful frameworks for representing, structuring, and integrating
highly heterogeneous biomedical data. By mapping complex biological spaces, these architectures facilitate efficient
data synthesis, allowing researchers to discover novel, non-trivial associations among distinct entities such as
pathological diseases, genetic sequences, and therapeutic drugs. Notable pioneer benchmarks in this domain include
open-source platforms like Bio2RDF [21] and specialized frameworks such as the Clinical Trial Knowledge Graph
(CTKG) developed by Chen et al. [22].
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Concurrently, the paradigm of biomedical knowledge processing has been fundamentally reshaped by the
deployment of Large Language Models (LLMs) optimized for clinical text. These domain-specific models have
drastically advanced the structural interpretation of dense medical literature, unstructured clinical narratives, and
diagnostic decision-support datasets. Prominent frontier architectures in healthcare include DeepMind’s MedIC,
Microsoft’s BioGPT [23], Trial GPT [24], BioBART [25], and BioMistral [26]. By efficiently processing massive
volumes of unstructured medical data, these models have established a profound impact across drug discovery
pipelines, patient-specific EHR data analytics, and real-time clinical decision-making.

Recent investigations underscore the efficacy of combining generative models with topological structures to
construct advanced systems such as DIAMOND-KG a knowledge graph engineered to capture specific drug
indications alongside their corresponding clinical context [27]. Empirical evidence from that study demonstrates that
a sophisticated, LLM-driven text extraction strategy substantially enhances the overall structural quality of the KG;
notably, 71% of extracted drug indications were successfully linked to at least one relevant clinical reference,
emphasizing the critical value of source-grounded reference data in elevating KG utility and trust metrics.

The convergence of LLMs and KGs is expanding rapidly across medicine, neuroscience, and advanced
biomedicine, establishing new frontiers for automated knowledge acquisition. Researchers have developed complex
platforms, such as the framework introduced by Mann et al. [28], which systematically aggregate disparate, legacy
medical knowledge repositories into a singular, unified KG to support downstream treatment identification based on
co-occurring symptoms or disease attributes.

To accelerate text processing, fast LLM inference techniques have gained significant traction in automated
clinical concept extraction [29], noticeably raising the recall rate of entity extraction from unstructured EHR data.
Nonetheless, core challenges persist particularly regarding the model's capacity to distinguish ambiguous
alphanumeric drug codes within fine-grained medical contexts. Despite recent algorithmic progress, many automated
pipelines still struggle to accurately resolve these critical details.

Beyond standalone extraction, recent studies highlight the significant potential of LLMs to execute graph-based
tasks directly, including relationship extraction, KG completion, and semantic graph querying [30]. For instance,
Khorashadizadeh et al. [31] conducted a rigorous qualitative analysis utilizing decoder-only models, such as the
ChatGPT and Bard series, to evaluate KG structural integrity and execute complex biomedical queries. Their
findings indicated that while LLMs show exceptional promise in automated KG extraction pipelines, the associated
computational overhead and inference costs remain challenges for scalable deployment.

With the rapid ascent of generative Al, the automated evaluation of KG health models has evolved into a key
research domain. Contemporary studies indicate that fine-tuned LLMs can automatically assess and validate the
structural consistency of KG schemas [32], presenting a scalable, automated alternative to traditional, labor-intensive
human verification. Furthermore, LLMs have been successfully deployed to audit class-member relationships within
massive public KGs like Wikidata and Calligraph, providing knowledge engineers with automated diagnostics to
enhance taxonomic precision [33].

In parallel, various semantic optimization techniques have been engineered to streamline KG operations through
embedded vector similarity searches. Modern architectures frequently implement dense embedded searches followed
by localized structural retrieval, or leverage query classification layers to organize graph filters and summarize LLM
outputs [34-35]. More advanced neuro-symbolic approaches incorporate structural neighborhood descriptors,
automated query rewriting, logical query decomposition, and the direct fine-tuning of model weights using graph-
structured training pairs [36-39].

Finally, LLMs have demonstrated remarkable empirical performance gains in direct clinical tasks, such as
automated disease diagnosis and prognostic prediction utilizing electronic medical records (EMRs). For example,
Jiang et al. [40] developed a patient-specific KG leveraging a bidirectional attention-enhanced graph neural network
(BAT-GNN) to improve clinical decision-support systems. Similarly, the RAM-EHR framework converts
heterogeneous clinical knowledge sources into structured text formats via multi-modal co-training, optimizing
information extraction to yield highly accurate predictive medical metrics [41].
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To improve diagnostic interpretability, systems like DR. KNOWS integrate dense KGs with formal clinical logic
models grounded in the Unified Medical Language System (UMLS), successfully bridging the gap between
symbolic reasoning and neural representations [42]. Furthermore, the REALM architecture addresses complex,
multi-faceted medical cases by seamlessly integrating longitudinal patient records and multivariate time-series data
using Retrieval-Augmented Generation (RAG) technology, ensuring computationally efficient and context-
grounded medical insights.

3. METHODOLOGY

The proposed methodology for MultiCNKG consists of four major stages:

Data Collection and Preprocessing

Knowledge Graph Representation

Graph Alignment and Integration

Graph Expansion using Large Language Models (LLMs)

L=

Each stage is described in detail below.
3.1. Data Collection and Preprocessing

Three knowledge sources were selected:

e Cognitive Neuroscience Knowledge Graph (CNKG): Represents concepts, tasks, and processes in
cognitive neuroscience, such as memory, attention, decision-making, and learning, along with their neural
correlates.

e  Gene Ontology (GO): Provides structured annotations of genetic and molecular functions.

e Disease Ontology (DO): Encodes diseases and disorders, including neurological and psychiatric conditions.

Table 1.CNKG, DO and GO

Name # Node # Node Types #Edges # Edge Types
Cognitive Neuroscience Knowledge 2.9 K 9 43K 20
Graph (CNKG)
Disease Ontology 11.2 K 1 8.8K 2
Gene Ontology 43 K 3 75K 4

The datasets were preprocessed using LLM-based pipelines (GPT-4, BioGPT). Preprocessing steps included:

Tokenization: Raw text descriptions of entities were tokenized into sequences:
T = {tl'tZ' ....tn} (1)

where each ti represents a token.
Normalization: To ensure consistency, entities with multiple forms (e.g., Alzheimer’s disease and AD) were
mapped to canonical forms using embedding similarity:
v - v
il @

where vi, vj are vector embeddings generated by LLMs.

sim(ei. ej) =

Noise Removal: Duplicate or irrelevant nodes were removed using threshold-based filtering on similarity scores.
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3.2. Knowledge Graph Representation

The integrated KG is defined as a directed multigraph:

G =

(V.E.R) 3)

where:

V is the set of nodes (genes, diseases, cognitive neuroscience concepts),
E € VXRXV is the set of edges,

R is the set of relations (e.g., causes, associated with, impairs).

Each edge is represented as a knowledge triple:
(h.r.t) withh.t e V.r € R 4)

For example:

(APOE4, causes, Alzheimer's disease)

(Alzheimer's disease, impairs, Memory)

The graph structure can also be encoded in an adjacency matrix:

1 ifthere exists a relation between v; and v;
Ay = )]

"o otherwise

3.3. Graph Alignment and Integration

To merge CNKG, GO, and DO, we align nodes and edges that represent the same or semantically related entities.

1.

Node Alignment: For nodes vi € VCNKG, vj € VDO, and vk € VGO , the final unified set is:
Vi = Venke Y Vpo U Vo (6)
Similar nodes are merged if their embedding similarity satisfies:

sim(vi.vj) > T (7
where t\tau is a predefined threshold.

Edge Alignment: Edges that represent equivalent relations (e.g., causes vs. induces) are unified by LLM-
based semantic comparison. The final edge set is:

Er = Ecnke Y Epo U Ego (®)
Adjacency Update: The adjacency matrix is updated as:

Af = ACNKG + ADO + AGO + AA (9)



A. Sarabadani et al./ Transactions on Machine Intelligence 9(1) (2026) 97—114
where AA represents newly discovered relations.
3.4. Graph Expansion with LLMs

The most critical step is leveraging LLMs to discover new relationships that are not explicitly present in the
original graphs.

Relation Prediction: For two nodes h,t € V, the probability of a new relation r new is estimated by LLM:

P(rnew | h.t) = frm(h.t) (10)

A relation is added if:
P(tyew | RLE) 2T (11)

Probabilistic Similarity Model: Alternatively, similarity-based relation discovery is modeled as:

P(Tpew) =1 —exp (— M) (12)
202

where vh , vt are embeddings of nodes h, t, and o controls distribution spread.

Iterative Expansion: The KG evolves iteratively:

G =GO 4 46O (13)

Where AG® = (AV®.AE®) are new entities and edges discovered at iteration tt.

Validation: Newly discovered relations are assigned a confidence score and validated either automatically via
external databases or manually.

by domain experts. If feedback decreases confidence below threshold:
P(hew) < P(Thew) — 6P (14)
the relation is removed in the next iteration.

3.5. Final Integrated Graph

The final MultiCNKG integrates three layers:

1. Genetic Layer (GO): Molecular and functional gene information.
2. Disease Layer (DO): Neurological and psychiatric disorders.
3. Cognitive Neuroscience Layer (CNKG): Memory, attention, learning, and decision-making constructs.

The integration allows tracing pathways from genes — diseases — cognitive functions, offering a holistic
perspective for cognitive neuroscience research.

4. SIMULATION AND RESULTS

LLM was used to build the knowledge graph and both types of nodes and edges for MultiCNKG. This linguistic
model extracted entities and edges from raw texts related to cognitive neuroscience, gene ontology, and disease
ontology articles. This model identified 5 different node types (refer to Table 2) and 7 different edge types (refer to
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Table 3). The strength of this model lies in its training to recognize diverse biomedical and cognitive neuroscience
terms and their contexts, allowing for the distinction between various types of nodes and relationships.

Table 2.Five Different Node Types Extracted by LLM from MultiCNKG-Related Texts.

# Node Types Use

1 Genes Represents genetic factors linked to cognitive functions and diseases (e.g., APOE, BDNF).
2 Diseases Represents neurological and cognitive disorders (e.g., Alzheimer's, Parkinson's).

3 Cognitive Processes Represents higher-order cognitive functions (e.g., memory, attention).

4 Biological Pathways = Represents molecular pathways involved in cognition and disease (e.g., synaptic plasticity).
5  Therapeutic Targets Represents potential targets for intervention (e.g., neurotransmitter receptors).

The evaluation of MultiCNKG was conducted using various metrics derived from the integrated knowledge
graph. MultiCNKG, with 6.9K nodes and 11.3K edges, demonstrates a balanced representation with 5 node types
and 7 edge types, reflecting its focus on integrating cognitive neuroscience, genetic, and disease data. The model
leverages LLM capabilities to uncover new relationships, showcasing its semantic coherence and novelty. However,
challenges such as scalability and the reliance on proprietary LLMs like GPT-4 highlight areas for improvement.
Future enhancements could involve adopting open-source models to enhance transparency and address
computational constraints, ensuring robust KG construction for cognitive neuroscience applications.

Table 3.Five Different Edge Types Extracted by LLM from MultiCNKG-Related Texts.

# Edge Types Use

1 Causes Indicates causation between entities (e.g., gene mutation causes disease).

2 Associated with General associations between entities (e.g., gene associated with cognitive decline).

3 Regulates Indicates regulatory relationships (e.g., gene regulates pathway).

4 Involved in Represents involvement in processes or diseases (e.g., pathway involved in memory).
5 Treated by Indicates treatment relationships (e.g., target treated by drug).

6 Influences Represents influence on cognitive or biological entities (e.g., gene influences cognition).
7 Linked to Connects entities across domains (e.g., disease linked to cognitive process).

5. EVALUATION

The performance of the MultiCNKG knowledge graph is evaluated in two ways. In the first method, we evaluate
using traditional evaluation criteria. In the second method, the evaluation of LLM includes using large language
models such as GPT-4. The model evaluation process is shown in Table 4.

Table 4. Details related to various knowledge graphs and knowledge graphs of the proposed approach.

Name # Node = # Node Types # Edges # Edge Types

DrKG [43] 97K 13 5.8 M 107
PrimeKG [44] 129.4 K 10 8.1M 30
Gene Ontology [45] 43 K 3 75 K 4
GP-KG [46] 61.1 K 7 124 K 9
DDKG [47] 551 2 27K 1
Disease Ontology[48] = 11.2K 1 8.8 K 2
DrugBank [49] 74K 4 366 K 4
PharmKG [50] 7.6 K 3 500 K 3
MultiCNKG 69K 5 113K 7

Our evaluation of MultiCNKG was based on criteria such as precision, recall, F1 score, coverage, graph
consistency, computational efficiency, novelty detection, and expert validation. In the second part, we evaluated the

ability of the model to predict links, using criteria such as Mean Rank (MR), Mean Reciprocal Rank (MRR), and
Precision at K (P@K).



A. Sarabadani et al./ Transactions on Machine Intelligence 9(1) (2026) 97—114
5.1. Traditional Evaluation Methods

Accuracy, precision, recall and Fl-score measure the quality of the node and edge alignment processes. The
higher the precision, the fewer incorrect alignments (false positives); the higher the recall, the fewer missed
alignments (false negatives).

Precision — — & (15)
recision = TP T FP
TP
= 16
kecall TP +FN (16)

recall X precision
F1 Score =2 X — (17)
recall + precision

In addition, the following metrics were also used to evaluate the proposed model:

Coverage: proportion of original KGs (CNKG, GO, DO) that have been successfully transferred to the final
merged KG.

. . 18
UIH(]UE’ Nodes (N)merged + UIIIL]LIE Edges (E)merged ( )
2?:1 (N i + Ei)

Graph Consistency: evaluated through semantic and structural checks (ontology-based similarity and OWL-
based consistency).

Coverage =

Computational Efficiency: measured in terms of time and space complexity during the integration process.

Novelty Detection: evaluates the ability of the integrated KG to discover new and previously unknown
relationships.

NewlyDiscovered gyges (E)pim

Total Edges (E)mfffgf'd

Novelty ¢.pre = (19)

5.2. Expert Validation

Expert Validation: domain experts verified whether new relations suggested by LLMs were biologically and
cognitively plausible.Experts in cognitive neuroscience and biomedicine played a critical role in validating the
biological and clinical relevance of new proposed edges. Validation results confirmed that most suggested relations
were meaningful and scientifically plausible.

For example:

e GO vs. MultiCNKG: Precision slightly decreased, but Recall and Coverage improved.
e DO vs. MultiCNKG: Results were close, but MultiCNKG had better novelty and expert
validation.
e CNKG vs. MultiCNKG: MultiCNKG showed better integration by linking cognitive constructs
with genetic and disease information.
Table 5 illustrate comparisons between individual KGs (GO, DO, CNKG) and the integrated MultiCNKG

approach.
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Table 5. Summarizes the evaluation results.

Metrics Gene Ontology (GO) Disease Ontology (DO) CNKG MultiCNKG
Precision 89.54 83.74 80.12 85.20
Recall 79.48 85.24 82.60 87.30
F1-Score 83.31 84.48 81.35 80.15
Coverage 89.52 73.09 78.41 92.18
Graph Consistency 75.24 71.69 79.11 82.50
Computational Eff. 53.01 70.17 62.42 68.90
Novelty Detection 44.61 41.05 46.38 40.28
Expert Validation 84.78 90.22 88.71 89.50

5.3. Link Prediction
Different evaluation dimensions were covered by various metrics to comprehensively evaluate MultiCNKG. Link

prediction methods such as TransE, RotatE, DistMult, ComplEx, ConvE, and HolmE were applied to assess
predictive strength.

The following metrics were used [51]:

Mean Rank (MR):
1
MR =¥, rank; (20)

Mean Reciprocal Rank (MRR):

_lynv _1
MRR T N =l rang (21)
Precision at K (P@K):

1 Number of relevant items in top K
P@K = —3Y, K (22)

Experimental results showed that MultiCNKG achieves comparable or superior results to individual graphs (GO,
DO, CNKG), particularly in terms of novelty detection and expert validation.
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Table 6. summarizes the evaluation Link Prediction.

KG TransE  RotatE [56] DistMult ComplEx ConvE [5S9] HolmE[6[60
[55] [57] [58] ]
FB15k-237 [52] MR 209 178 199 144 281 -
MRR 0.310 0.336 0.313 0.367 0.305 0.331
P@1 0.217 0.238 0.224 0.271 0.219 0.237
P@3 0.257 0.328 0.263 0.275 0.350 0.366
P@10 0.496 0.530 0.490 0.558 0.476 0.517
WN18RR [53] MR 3936 3318 5913 2867 4944 -
MRR 0.206 0.475 0.433 0.489 0.427 0.466
P@1 0.279 0.426 0.396 0.442 0.389 0.415
P@3 0.364 0.492 0.440 0.460 0.430 0.489
P@10 0.495 0.573 0.502 0.580 0.507 0.561
YAGO3-10 [54] MR 1187 1830 1107 793 2429 -
MRR 0.501 0.498 0.501 0.577 0.488 0.441
P@1 0.405 0.405 0.412 0.500 0.399 0.333
P@3 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
MultiCNKG MR 391 263 242 212 375 -
MRR 0.411 0.395 0.418 0.301 0.321 0.211
P@1 0.435 0.342 0.444 0.333 0.329 0.301
P@3 0.499 0.463 0.475 0.349 0.363 0.336
P@10 0.518 0.571 0.519 0.487 0.493 0.403

Table 6 summarizes the link prediction evaluation results across multiple knowledge graphs and embedding
models. The results show that COMPLEX and ROTATE generally achieve the highest Mean Reciprocal Rank
(MRR) and precision metrics, particularly on FB15K-237 and WN18RR datasets, indicating their effectiveness in
capturing complex relational patterns. For YAGO3-10, COMPLEX again demonstrates superior performance with
an MRR of 0.577, reflecting its robustness in handling multi-relational data. In the proposed MULTICNKG, which
integrates concepts from recent LLM-based knowledge graph frameworks, performance remains competitive,
especially in P@1 and P@10 metrics under TRANSE and DISTMULT, showing balanced precision and recall
characteristics. These findings align with recent advances in LLM-assisted graph construction and reasoning.
Specifically, the DKG-LLM framework [61] employs dynamic knowledge integration for medical diagnosis and
treatment personalization, the ExXKG-LLM model [62] enhances automated expansion of cognitive neuroscience
knowledge graphs with improved precision and coverage, and the GDPKG-LLM framework [63] effectively unifies
gene, disease, and pharmacogenomic knowledge using GPT-4. Together, these studies demonstrate the growing
synergy between LLMs and graph-based models, where advanced embedding and reasoning mechanisms contribute
to improved link prediction accuracy and richer semantic representation across biomedical and cognitive domains.

6. CONCLUSION AND FUTURE WORK

In this study, we have successfully developed MultiCNKG, a unified knowledge graph that integrates cognitive
neuroscience concepts from CNKG, genetic annotations from GO, and disease representations from DO, resulting
in a comprehensive resource with 6.9K nodes across 5 distinct types (Genes, Diseases, Cognitive Processes,
Biological Pathways, and Therapeutic Targets) and 11.3K edges spanning 7 relation types (Causes, Associated with,
Regulates, Involved in, Treated by, Influences, and Linked to). By employing large language models (LLMs) such
as GPT-4 for entity alignment, semantic analysis, and graph expansion, MultiCNKG not only preserves essential
relationships from the source graphs but also uncovers novel connections, bridging molecular genetics with
neurological diseases and higher-order cognitive functions. Comparative analysis with other biomedical KGs (e.g.,
DrKG with 97K nodes and 5.8M edges, PrimeKG with 129.4K nodes and 8.1M edges) highlights MultiCNKG's
focused efficiency, while evaluation metrics demonstrate superior performance in recall (87.30%), coverage
(92.18%), graph consistency (82.50%), and expert validation (89.50%) compared to individual sources like GO
(recall: 79.48%, coverage: 89.52%) and DO (recall: 85.24%, coverage: 73.09%). Link prediction results further
validate its predictive power, with models like ComplEx achieving a Mean Rank (MR) of 212 and Mean Reciprocal

10
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Rank (MRR) of 0.301, outperforming or matching benchmarks on datasets such as FB15k-237 (ComplEx MR: 144,
MRR: 0.367) and WNI18RR (ComplEx MR: 2867, MRR: 0.489) in targeted metrics like Precision@10 (0.487).
These outcomes underscore MultiCNKG's semantic coherence, novelty in relationship discovery, and potential for
enabling holistic insights in cognitive neuroscience, from gene-disease pathways to behavioral impacts.

Despite these advancements, challenges remain, including scalability for larger datasets and dependency on
proprietary LLMs, which may limit accessibility and transparency. Future work will explore incorporating open-
source LLMs (e.g., BioGPT or LLaMA variants) to reduce computational costs and enhance reproducibility. We
plan to expand MultiCNKG by integrating additional ontologies, such as DrugBank (7.4K nodes, 366K edges) or
PharmKG (7.6K nodes, 500K edges), to support drug repurposing and therapeutic predictions. Further enhancements
could involve real-time graph updates using federated learning, advanced validation through crowdsourced expert
feedback, and application-specific extensions for personalized medicine, such as Al-driven early detection of
cognitive disorders like Alzheimer's. Ultimately, MultiCNKG sets a foundation for interdisciplinary research,
fostering innovations in hypothesis generation and clinical decision-making in biomedicine and cognitive sciences.
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