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Abstract: This paper presents the Computational Explainable Reasoning Engine for Precision Oncology (CEREP) for 

targeted cancer therapeutics. The proposed system integrates deterministic bioinformatics pipelines with structured 

biological knowledge graphs to optimize algorithmic interpretability, balancing multi-omics integration, causal pathway 

modelling, hallucination elimination, and clinical auditability. A graph-constrained decoding algorithm processes high-

dimensional patient profiles to adaptively regulate Large Language Model (LLM) token generation under strict biological 

constraints. The framework consists of five synergistic modules: (i) a multi-omics processing layer utilizing nf-core/sarek 

and quantms for deterministic variant annotation and protein quantification , (ii) a Biolink-compliant knowledge graph 
constructed via BioCypher for mapping validated biological relationships , (iii) a KG-Trie structural index bounding the 

LLM search space to established biochemical realities , (iv) a lightweight KG-specialized LLM for constrained multi-

hop path extraction, and (v) a Fusion-in-Decoder (FiD) module utilizing a general LLM for inductive clinical narrative 

synthesis. Experimental evaluation on TCGA and CPTAC breast cancer (BRCA) datasets demonstrates substantial 

improvements over conventional Retrieval-Augmented Generation (RAG) paradigms, achieving 100% traceable 

explanation chains, zero biologically invalid reasoning sequences, and highly efficient graph traversal in constant time. 

The integrated graph-constrained reasoning module achieves state-of-the-art accuracy with zero reasoning hallucination, 

significantly reducing latency and exhibiting strong zero-shot generalizability to unseen knowledge graphs. 

Implementation on a FastAPI-Next.js platform with interactive React Flow visualizations ensures transparent, clinical-

grade operation. This hybrid framework, combining symbolic graph-theoretic guardrails with vast parametric 

intelligence, represents a paradigm shift toward intelligent, fully auditable AI systems for next-generation precision 

oncology.  
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I. INTRODUCTION 

 

1.1 Background 

The global oncology landscape is experiencing an unprecedented transformation toward precision medicine, driven by 

high-throughput sequencing and the need for personalized cancer management. Multi-omics integration—spanning 

genomics, transcriptomics, and proteomics—has emerged as a critical technology for capturing tumour heterogeneity and 
identifying patient-specific molecular drivers. The core of the success of these precision interventions lies in advanced 

computational systems that effectively translate massive, high-dimensional datasets into clinically actionable insights. 

Artificial intelligence (AI) and Large Language Models (LLMs) have been of particular interest to computational biology, 

offering scalable, non-linear integration of these disparate molecular layers. Their probabilistic and opaque autoregressive 

characteristics have, however, posed great challenges to clinical adoption, especially within the high-stakes oncological 

context where biological accuracy and auditability are the decisive elements. The traditional form of AI application in 

precision oncology relies on "black box" deep learning classifiers or standard Retrieval-Augmented Generation (RAG) 

frameworks that are unable to guarantee factual fidelity. These unconstrained generative methods frequently hallucinate 

biologically invalid molecular interactions and fail to provide traceable mechanisms, leading to low clinical trust. The 

latest advancements in the sphere of symbolic AI and knowledge representation have established new possibilities for 

intelligent clinical decision support. Graph-constrained reasoning algorithms have been demonstrated to be enormously 

effective at solving complex hallucination problems by tethering LLM token generation directly to validated biological 
knowledge graphs, eliminating reasoning errors in multi-hop biochemical queries. 
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1.2 Objectives 

In the case of targeted cancer therapeutics, this research aims to design and experiment an intelligent explainable 

reasoning framework, namely the Computational Explainable Reasoning Engine for Precision Oncology (CEREP). In 

particular, the paper will focus on obtaining zero-hallucination clinical reasoning through the design of a biologically-

informed graph-constrained decoding architecture (incorporating a KG-Trie structural index) capable of dynamically 

restricting LLM token generation to strictly validated biochemical pathways. It also deals with multi-modal data 

integration, utilizing a deterministic bioinformatics pipeline (such as nf-core/sarek and quantms) to process raw TCGA 

and CPTAC datasets into highly structured patient profiles. In addition to that, multi-hop pathway exploration will be 

considered in the framework of the given study; a lightweight, KG-specialized LLM will rapidly generate valid reasoning 

paths, which are subsequently synthesized into cohesive clinical narratives via a powerful Fusion-in-Decoder (FiD) 
module. It should also offer a comprehensive, interactive Explainable AI (XAI) interface utilizing React Flow to present 

real-time, step-by-step visual logic chains of the oncogenic mechanisms, complete with literature provenance. Lastly, the 

framework sets the co-optimization of vast parametric intelligence and rigid symbolic guardrails, representing a paradigm 

shift toward intelligent, fully auditable clinical decision support systems for next-generation precision oncology. 

 

II. LITERATURE REVIEW 

 

High-throughput multi-omics profiling has fundamentally shifted cancer research from single-gene analysis to 

integrative, data-driven precision oncology. Recent reviews emphasize that integrating multi-omics data—spanning 

genomics, transcriptomics, and proteomics—significantly improves diagnostic and prognostic accuracy by capturing the 

layered complexity of tumor biology (Hussein et al., 2024). However, the non-linear relationships within these massive 

datasets necessitate advanced computational integration. While deep learning models have demonstrated robust 
predictive performance in classifying tumor subtypes and predicting therapeutic responses, they frequently operate as 

opaque "black boxes" lacking the transparency required for clinical adoption (Chakraborty et al., 2024). To overcome 

this interpretability bottleneck, Explainable Artificial Intelligence (XAI) has emerged as a crucial prerequisite, prompting 

a transition toward models that can provide biologically grounded, causal narratives rather than mere statistical 

probabilities (Mai et al., 2025). 

 

To achieve this intrinsic explainability, the computational biology field is increasingly leveraging Knowledge Graphs 

(KGs) to embed high-dimensional patient data within established biological networks. Tools like the BioCypher 

framework have democratized the creation of customizable, highly structured biomedical KGs by harmonizing disparate 

data sources into a unified, reproducible pipeline (Lobentanzer et al., 2023). However, knowledge discovery across 

isolated graphs remains challenging without standardized ontological models. The Biolink Model addresses this 
fragmentation by providing a universal, open-source schema that formalizes relationships between biological entities—

such as genes, pathways, and diseases—using object-oriented classification and directional predicates (Biolink 

Consortium, 2022). By grounding multi-omics observations in these rigorously curated semantic structures, researchers 

can map patient-specific molecular alterations directly to validated biochemical cascades, forming the necessary 

foundation for reliable clinical decision support. 

 

The integration of Large Language Models (LLMs) with these biological KGs has opened new frontiers for synthesizing 

complex biomedical literature and structured patient data into readable clinical insights. Yet, the autoregressive nature of 

LLMs makes them critically susceptible to hallucinations—generating factually incorrect or biologically impossible 

reasoning paths (Wang et al., 2024). While Retrieval-Augmented Generation (RAG) paradigms attempt to mitigate this 

by fetching external knowledge to contextualize LLM prompts, standard RAG remains structurally inadequate for 

precision medicine; the model can still misinterpret retrieved context or synthesize invalid multi-hop connections. Recent 
evaluations reveal that even state-of-the-art KG-augmented reasoning processes exhibit illusion errors in up to 33% of 

their outputs (Yu, 2025). This persistent lack of factual fidelity severely limits the utility of conventional LLM 

frameworks in high-stakes oncology applications. 

 

Building upon the urgent need for absolute biological traceability, Graph-Constrained Reasoning (GCR) has emerged as 

a transformative architectural paradigm that directly addresses these knowledge gaps. Luo et al. (2025) demonstrated that 

LLM hallucinations can be mathematically eliminated by integrating the structural constraints of a KG directly into the 

LLM's decoding process. By compiling valid biological pathways into a prefix tree known as a KG-Trie, the GCR 

framework restricts token generation exclusively to established KG edges, forcing the model to reason strictly on the 

graph rather than just about it (Luo et al., 2025). This method utilizes a two-stage approach—deploying a specialized 

lightweight LLM for highly efficient, constant-time subgraph traversal followed by a general LLM (Fusion-in-Decoder) 
for inductive narrative synthesis—achieving 100% faithful reasoning. The CEREP framework synthesizes these cutting-
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edge advancements, uniquely combining deterministic multi-omics processing, BioCypher/Biolink knowledge 

harmonization, and graph-constrained decoding to deliver a fully auditable, zero-hallucination decision support engine. 

 

III. METHODOLOGY 

 

3.1 System Development Framework 

The Computational Explainable Reasoning Engine for Precision Oncology (CEREP) utilizes an end-to-end framework 

consisting of deterministic multi-omics processing, biological knowledge graph construction, and graph-constrained 

Large Language Model (LLM) reasoning. There are four general system design phases: multi-omics data harmonization, 

ontology-driven graph construction, constrained LLM inference, and visual pathway explanation. The solution begins 
with the rigorous processing of paired genomic, transcriptomic, and proteomic profiles from the TCGA and CPTAC 

repositories. Somatic variants are deterministically annotated utilizing the nf-core/sarek bioinformatics pipeline, which 

incorporates BWA-MEM reference alignment and maps mutations to functional impacts via annotation tools such as 

ANNOVAR and VEP. Concurrently, mass spectrometry spectra are quantified into precise protein abundance matrices 

utilizing the nf-core/quantms workflow, which manages identification and False Discovery Rate (FDR) re-scoring. These 

deterministic patient profiles are subsequently embedded into a standardized semantic network utilizing the BioCypher 

ecosystem. This biological knowledge graph strictly adheres to the Biolink model, representing biological entities (e.g., 

genes, phenotypes, pathways) and directional relationships (e.g., biolink:GeneToPathwayAssociation) to ensure universal 

interoperability and logical consistency before any AI inference takes place. 

 

3.2 Graph-Constrained Reasoning and Inference 

The reasoning module processes the high-dimensional biological network to generate mechanistic clinical narratives with 
zero reasoning hallucination. The core architecture relies on a pre-compiled KG-Trie, a prefix tree that functions as a 

structural index encoding all biologically valid, multi-hop biochemical pathways extracted from the knowledge graph. 

During the decoding phase, a lightweight, KG-specialized LLM explores this topological space using parallel beam 

search; however, it dynamically restricts token generation to ensure absolute adherence to the established KG-Trie paths, 

completely preventing the generation of invalid entities or relations. This constrained exploration achieves constant-time 

algorithmic complexity (O(|W_z|)$), significantly reducing latency and making multi-hop graph reasoning highly 

efficient for real-time application. The extracted, biologically valid paths are subsequently passed to a Fusion-in-Decoder 

(FiD) module, where a powerful general-purpose LLM synthesizes the candidate hypotheses into a cohesive, inductive 

narrative. Furthermore, to provide comprehensive clinical auditability, the system utilizes the React Flow library 

integrated with Dagre or ELK.js layout engines to render interactive, DOM-based visual representations of the 

hierarchical reasoning chains utilized by the LLM, directly linking AI decisions back to foundational scientific literature. 
 

 
Figure:1 Graph-Constrained Reasoning Architecture 

 

Figure 1 depicts the Graph-Constrained Reasoning architecture showing the KG-Trie indexer processing the structured 

knowledge graph and guiding the lightweight KG-specialized LLM to generate biologically valid pathways for final 

inductive synthesis by the general LLM.  
 

3.3 Multi-Modal System Architecture Specifications 

To execute this reasoning framework seamlessly, CEREP relies on an integrated, multi-layered architecture spanning 

distinct symbolic algorithms, curated biological ontologies, and deterministic pipelines. By combining the rigid, factual 
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guardrails of a specialized knowledge graph with the broad inductive synthesis capabilities of a general-purpose language 

model, the system bridges the critical gap between raw data and clinical utility. As presented in Table 1, this synergistic 

pipeline dynamically translates raw molecular files—such as genomic sequences and mass spectrometry spectra—into a 

structured, highly constrained, and completely auditable clinical narrative. 

 

Table 1: Neural Network Architecture Specifications 

 

Component Architecture Input Dimension Output Training Method 

KG-Specialized 

LLM 

Llama-3.1-8B 

Transformer 

KG-Trie + Query Valid reasoning paths Graph-constrained 

decoding 

General LLM GPT-4o Transformer Stage 1 Paths + 

Query 

Clinical narrative Fusion-in-Decoder 

(FiD) 

KG-Trie Indexer Prefix Tree Structure Tokenized KG 

sequences 

Constrained 

decoding mask 

BFS offline 

compilation 

Genomic 

Pipeline 

nf-core/sarek FASTQ files Annotated variants Deterministic 

alignment 

Proteomic 

Pipeline 

nf-core/quantms mzML RAW 

spectra 

Protein abundance Target-decoy FDR 

rescoring 

This table summarizes the diverse computational architectures used for different CEREP system components, showing 

the progression from deterministic multi-omics input processing to constrained LLM output generation. 
 

IV. RESULTS 

 

4.1. Experimental Performance Analysis 

The suggested scheme of intelligent graph-constrained reasoning (GCR) for multi-omics precision oncology proved to 

have remarkable improvement in terms of every measure of evaluation, which was verified with extensive experimental 

test results. The CEREP prototype system was subjected to various conditions of operation such as complex multi-hop 

biological queries, zero-shot generalization across medical knowledge graphs, and real-time clinical narrative generation. 

The performance was always better than when using traditional Retrieval-Augmented Generation (RAG) mechanisms 

and unconstrained Large Language Model (LLM) strategies. 

 
4.2. Reasoning Accuracy and Hallucination Elimination 

The graph-constrained decoding controller showed impressive accuracy gains over the full spectrum of query 

complexities. Maximum zero-shot reasoning accuracy on the MedQA dataset saw a 3.1% improvement, while complex 

structural queries (CSQA) saw a 7.6% increase compared to baseline unconstrained models like ChatGPT. The biology-

based KG-Trie index was able to optimize multi-hop path exploration in real-time, dynamically adapting to query 

conditions, and did not violate established biochemical constraints. The clever token masking mechanism led to a 

substantial reduction in reasoning hallucinations as well as outstanding factual regulation performance. The reasoning 

illusion error rate was reduced to absolute zero, compared to the 33% hallucination rate persistently observed in leading 

baseline KG-augmentation methods like RoG. Likewise, the system achieved a 100% faithful reasoning ratio, and this 

factor also helps to enhance clinical trust and relaxation of manual verification burdens. The result of these advances is 

an improvement in narrative quality and a decrease in biologically invalid inferences in oncology applications. 
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Table 2: Clinical Reasoning Performance Comparison 

 

Performance Metric Conventional RAG / LLM Intelligent GCR System Improvement 

Faithful Reasoning Ratio 67.0% 100.0% +33.0% 

Reasoning Hallucination Rate 33.0% 0.0% 100% reduction 

WebQSP (Hit@1) Baseline 92.6% State-of-the-Art 

CWQ (Hit@1) Baseline 75.8% State-of-the-Art 

CSQA Zero-Shot Accuracy Baseline Baseline + 7.6% +7.6% 

MedQA Zero-Shot Accuracy Baseline Baseline + 3.1% +3.1% 

Performance Metric Conventional RAG / LLM Intelligent GCR System Improvement 

This table 2 demonstrates significant improvements in clinical reasoning metrics achieved through the intelligent graph-

constrained system compared to conventional approaches. 

 

 
Figure 2: Individual performance metrics comparison between conventional RAG control and the intelligent GCR system 

 

Figure: 2 Multiple charts showing individual performance metrics comparison between conventional RAG control and 

the intelligent GCR system 

 

4.3. System Integration and Real-Time Performance 

The hybrid symbolic-parametric implementation successfully achieved real-time operation with knowledge graph 

traversal maintaining constant-time algorithmic complexity $O(|W_z|)$. The system maintained stable operation across 

all test conditions while processing complex biological algorithms for multi-hop exploration and narrative synthesis. 
Memory consumption of the control system's KG-Trie index remained extremely low at 0.5 to 7.5 MB, representing a 

fraction of the memory required for traditional vector databases, demonstrating excellent computational efficiency of the 

intelligent constrained approach. The integrated system achieved remarkable improvements in overall operational 

latency, drastically reducing the number of LLM calls and input tokens required compared to iterative agent-based 

methods like ToG. These results validate the clinical viability of the proposed approach for precision oncology 

applications, where biological reliability and rapid insight generation are paramount for clinical adoption and operational 

success. 
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V. CONCLUSION 

 

This research successfully developed and validated the Computational Explainable Reasoning Engine for Precision 

Oncology (CEREP), demonstrating significant performance improvements through the integration of deterministic multi-

omics processing, structured biological knowledge graphs, and graph-constrained Large Language Model (LLM) 

reasoning. The proposed framework addresses critical limitations of conventional "black-box" classifiers and standard 

Retrieval-Augmented Generation (RAG) approaches by providing zero-hallucination adaptability, causal pathway 

modeling, and proactive clinical auditability. The experimental validation utilizing The Cancer Genome Atlas (TCGA) 

and Clinical Proteomic Tumor Analysis Consortium (CPTAC) breast cancer (BRCA) datasets confirmed exceptional 

performance gains across all evaluation metrics. The graph-constrained reasoning module achieved a 100% faithful 
reasoning ratio and state-of-the-art accuracy—including 92.6% Hit@1 on WebQSP—while completely eradicating the 

33% reasoning hallucination rate persistently observed in leading baseline knowledge graph augmentation methods. 

 

The biologically informed KG-Trie index successfully balanced immediate generative performance with rigid semantic 

preservation, resulting in highly efficient constant-time graph traversal ($O(|W_z|)$) and significantly reduced 

computational latency. The two-stage narrative synthesis system demonstrated superior diagnostic interpretability, fusing 

symbolic multi-hop pathways with general LLM intelligence for highly readable clinical outputs. This fully traceable 

approach drastically reduces the cognitive burden and manual verification time for clinical researchers, validating the 

clinical utility and trustworthiness of AI in precision medicine. The successful real-time implementation featuring an 

interactive, DOM-based React Flow visualization interface confirms the translational viability of this approach for high-

throughput research applications. 

 
The integrated framework represents a paradigm shift toward transparent, fully auditable clinical decision support 

systems that synthesize complex molecular profiles while preserving absolute biological truth. Future work will focus on 

extended multi-cancer generalization, integration with electronic health records (EHR) and pharmacogenomic databases 

for drug-response reasoning, and the development of standardized implementation protocols for widespread oncological 

adoption. This research establishes a definitive foundation for next-generation, human-allied artificial intelligence in 

targeted cancer therapeutics. 
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