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Abstract: In recent years, the field of Artificial Intelligence has emerged as one of the fastest growing 

and extensively used technologies in the scientific world, and is transforming the way large scale 

complex data is processed and understood. In genomics, a field with a ton of different and massive 

datasets, AI has become an increasingly important tool for speeding up the discovery process, but there 

are concerns with this and transparency, as well as with the trust AI can bring. To address this need, we 

performed a structured literature review of the few existing systems, explainability methods, and 

unaddressed challenges that use genomic knowledge graphs and explainable or comprehensible AI, 

and compiled a pipeline for the field.The amount of genetic data produced is expanding at a rate far 

more rapid than can be processed. While this data has great potential to enhance precision medicine, 

traditional analytical approaches struggle to effectively address the volume and types of sequence 

variants, gene annotations, multi-omics profiles, and complex regulatory networks. One of the more 

useful approaches to solve this problem is the use of Knowledge Graphs (KGs), which structure 

biological information as a network of entities and relationships. These graphs can be given a uniform 

language by using ontologies.The challenge is that many of the AI models that are created on these 

knowledge graphs remain as 'black boxes'. They make predictions without giving reasons behind their 

predictions, which is a major drawback in a discipline such as genomics, where decisions can have direct 

impact on patient care and must stand up to clinical and regulatory scrutiny. The study explores the 

efforts being made to bridge that gap. We discuss the most prominent KG systems currently available, 

explore strategies under development to increase the interpretability of AI predictions and assess the 

remaining challenges. 

 

Keywords: Comprehensible Artificial Intelligence; Black-Box Models; Genomic Data Integration; 

Knowledge Representation 

  

1. Introduction 

 Artificial Intelligence (AI) has become a transformative and one of the most prevalent and rapidly chang-

ing technologies in scientific research today. With its pattern recognition, modeling of complex relationships, 

and predictive capabilities from vast amounts of data, it has been widely used in nearly all data-rich disci-

plines, including healthcare, finance, climate science, and materials discovery. This growth is largely due both 

to improvement in model architectures (e.g., deep learning, graph-based learning) and to the proliferation of 

large, structured and semantically rich datasets on which models can be trained. This change has had a 
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significant impact on one of the areas most transformed by genetic engineering genomics [1]. There is no other 

field that can match the scale and complexity of the field of genetics and the insights that can be gained from 

the data, and researchers have been increasingly relying on AI to speed up various aspects of research, includ-

ing the discovery of new variants and the identification of genes responsible for the emergence of diseases [2]. 

Alongside this same quick adoption has also emerged a parallel but equally urgent question: how do increas-

ingly powerful AI models predict outcomes, and why? The models are becoming more opaque, and more and 

more often they fail to provide enough information to explain their conclusions. This opacity is not acceptable 

in a field such as genomics, where the results could directly impact clinical practice and the health of patients, 

and where trust, adoption and regulatory approval will be essential. This survey exists because of this inter-

section between the increasing influence of AI and the increasing demand for transparency. To fill this need, 

we review the related works systematically to summarize systems, explainability techniques, and challenges 

in the space of genomic knowledge graphs and explainable/comprehensible AI in a coherent roadmap for the 

field. 

Despite the rapid expansion of genetic data has opened up a lot of possibilities for improving precision 

medicine and biological research, handling and analyzing such intricate, multi-omics datasets is still quite dif-

ficult [3]. Large volumes of data are produced by high-throughput sequencing, spanning from regulatory net-

works to gene annotations, requiring transparent and organized methods for integration and analysis. By or-

ganizing biological knowledge into nodes (entities) and labeled edges (relationships), Knowledge Graphs 

(KGs) improve semantic consistency, reasoning, and interoperability. The language and interactions between 

genes, variations, pathways [4], and diseases are standardized by foundational ontologies as the Gene Ontol-

ogy (GO), Genotype Ontology (GENO), and Ontology of Genes and Genomes (OGG) [5,6].The integrative 

potential of such frameworks in connecting data to useful information is demonstrated by genomic KGs such 

as DisGeNET [7,8], Hetionet [9], KnetMiner [10], and VariantKG [11].Although most AI models that use these 

KGs function as "black boxes," which reduces regulatory acceptability and trust in clinical genomics. For de-

pendable, data-supported, and clinically interpretable outcomes, it is crucial to guarantee transparency and 

explainability in AI-driven predictions [12, 13]. 

 
Figure 1. Growth of DNA sequencing 

The development of DNA sequencing hasn't been linear as you can see in Figure 1. The first Sanger-

sequenced human genome (International Human Genome Sequencing Consortium, 2001) and the first per-

sonal genome both took a number of years to accomplish, but the advent of next-generation sequencing plat-

forms led to an exponential increase in output. By 2015, cumulative sequencing capacity had increased from a 

few hundred genomes in 2001 to several hundred thousand genomes, with large-scale initiatives like the 1000 

Genomes Project, The Cancer Genome Atlas (TCGA) and the Exome Aggregation Consortium (ExAC) driving 

this growth. Based on three reasonable doubling time projections (7 months, 12 months, and 18 months), pre-

dicted that by the mid-2020s, global sequencing capacity will be anywhere from one exabase to one zettabase 

per year. This path highlights the need for a solution to the problem this survey aims to tackle: scalable and 

interpretable AI systems that can be developed on structured knowledge representations like knowledge 
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graphs, or else we will be overwhelmed by genomic data and unable to garner meaningful, trustworthy bio-

logical knowledge from them [14]. 

The purpose of Explainable and Comprehensible AI (XAI/CAI) is to make reasoning processes compre-

hensible. According to KGs offer a semantically rich foundation for explanations that are provenance-enabled 

and context-aware. Techniques like rule-based reasoning [15], graph-based subgraph or path extraction [16], 

model-agnostic techniques [17], and hybrid neuro-symbolic integration [18] have demonstrated promise in 

improving interpretability without compromising accuracy. Trust in high-stakes fields like cancer genomics is 

further reinforced by provenance-enabled KGs [15]. Despite these developments, there are still difficulties, 

especially when it comes to modeling intricate biological processes [19], integrating heterogeneous, noisy data 

[20], and striking a balance between predictability and transparency [21, 22]. Future research must focus on 

developing scalable, explainable AI systems that can reason efficiently over massive genomic KGs [23]. 

In order to tackle these issues, this survey summarizes recent findings at the nexus of transparent AI 

decision-making and genetic knowledge graphs. In particular, we (1) examine current genomic KGs and sys-

tems that operationalize them, (2) examine frameworks and techniques that use KGs to facilitate CAI, such as 

provenance tracking, rule-mining, path-finding, and embedding-based explainability, and (3) identify new 

research areas and promising techniques for developing reliable, interpretable, and efficient genomic AI sys-

tems [15, 24]. The goal of this survey is to present a roadmap for developing transparent genomic AI that is 

both therapeutically significant and scientifically sound by combining lessons from ontology design, KG sys-

tem development, and AI transparency. 

 
Figure 2. Flow of Transparent AI 

In the figure 2. illustrates the flow of structured knowledge from Ontology to Knowledge Graph to Trans-

parent AI, resulting in an AI system that is reliable and comprehensible. It demonstrates how Explainable AI, 

Knowledge Integration, and Semantic Framework combine to convert unstructured data into clear, insightful 

understandings. 

 

2. Genomic Ontologies, Building Blocks of Knowledge Graphs  

A semantically rich genomics Knowledge Graph (KG) requires standardized ontologies. Genes, varia-

tions, pathways [4], cohorts, and genome editing methods are all represented by consistent vocabularies that 

they give. These ontologies serve as the foundation of the KG, guaranteeing accurate integration of various 

types of data. 

2.1. Gene and Gene Product Ontologies  

These ontologies represent genes and their functions. Gene Ontology (GO) describes Biological Process, 

Molecular Function, and Cellular Component [5, 25] Ontology of Genes and Genomes (OGG) and its mouse 
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subset OGG-MM define genes, families, and genomes across species. HUGO Gene Nomenclature (HGNC) 

standardizes human gene symbols and identifiers [26]. Genotype Ontology (GENO) models genotypes, alleles, 

and their links to phenotypes and diseases. 

2.2. Sequence Variation and Polymorphism Ontologies 

This group analyzes the impacts of genetic variation. The Genome Variation Ontology (GVO) encom-

passes structural variants, CNVs, indels, and SNPs. SNPO, or Single-Nucleotide Polymorphism Ontology, is 

centered on SNP characteristics [27]. By linking them to genes and regulatory elements, the Ontology for Ge-

netic Interval (OGI) and Genomic Feature [28] and Variation Ontology (GFVO) model variants and genomic 

areas. 

2.3. Genome Features and Components 

The properties and components of the genome are described by these ontologies. Chromosomes, plas-

mids, and organellar genomes are defined by the Genome Component Ontology (GCO). Genes, transcripts, 

proteins, regulatory elements, and experimental annotations are represented by the Genome Biology Ontology 

Language (GBOL[29]) and Genetic Feature Format Ontology (GFFO). 

2.4. Pathway and Biological Process Ontologies 

The pathways that connect genes, proteins, enzymes, and metabolites to their corresponding biological 

activities are represented hierarchically by the Pathway Ontology [4]  

2.5. Ontologies of Population, Cohort, and Ancestry 

Human populations and study cohorts are described by ontologies in this category. Genomics Cohorts 

Knowledge Ontology models bio sample metadata [30], research design, demographics, and cohort size. Pop-

ulation terminology and ancestry are standardized by the Human Ancestry Ontology (HANCESTRO) [31]. 

2.6. Ontologies of Microbes and Resistance 

Resistance genes, mutations, mechanisms, and their effects on antibiotics are all modeled by the Antibiotic 

Resistance Ontology (ARO) [32, 33]. 

2.7. Ontologies for Metadata and Genome Editing 

This team records FAIR data standards and genome editing procedures. Tools, procedures, and results of 

genome editing are defined by the NIST Genome Editing Lexicon (NIST_GEL). In accordance with FAIR prin-

ciples, FAIR Genomes (FG) guarantees structured information for sequencing data [34].  

Table 1. Building Blocks of Knowledge Graphs 

Knowledge Graph (Ontology)                                        

Description 

Knowledge Graph (Ontology)                                        

Description 

Gene Ontology (GO) An ontology for describing the function of genes and gene 

products. 

Genotype Ontology (GENO) An integrated ontology for representing the genetic variations 

described in genotypes, and their causal relationships to 

phenotype and diseases. 

Ontology of Genes and 

Genomes (OGG) 

A formal ontology of genes and genomes of biological 

organisms. 

Genomics Cohorts Knowledge 

Ontology 

An ontology to represent genomics cohort attributes. 

Antibiotic Resistance Ontology Represents antibiotic resistance genes and mutations.  

Pathway Ontology A controlled vocabulary for annotating gene products to 

pathways. 
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FAIR Genomes (FG) A semantic metadata schema to power reuse of NGS data in 

research and healthcare [34]. 

 

Genome Variation Ontology 

(GVO) 

Ontology for systematic description of various genomic 

variations, including complex structural variations in genomes. 

 

Ontology of Genes and 

Genomes – Mouse (OGG-MM) 

Subset of OGG specific to Mus musculus (mouse).  

Genome Component Ontology 

(GCO) 

Defines abstract divisions of the total genetic information of an 

organism by physical separation into components. 

 

NIST Genome Editing Lexicon 

(NIST_GEL) 

Ontology for genome editing technology concepts, supporting 

biotechnology applications. 

 

GBOL (Genome Biology 

Ontology Language) 

Ontology framework for genome biology [29].  

Genetic Feature Format 

Ontology (GFFO) 

Represents genome feature annotations in GFF3 format.  

HUGO Gene Nomenclature 

(HGNC) 

Standardized gene names and symbols approved by the HUGO 

Gene Nomenclature Committee [26]. 

 

Human Ancestry Ontology 

(HANCESTRO) 

Provides a systematic description of ancestry concepts used in 

GWAS studies [31]. 

 

Genomic Feature and 

Variation Ontology (GFVO) 

Represents genomic data using RDF or Linked Data formats such 

as JSON-LD [28]. 

 

Single-Nucleotide 

Polymorphism Ontology 

(SNPO) 

A domain ontology providing a formal OWL-DL representation 

of genomic variations (SNPs) [27]. 

 

Ontology for Genetic Interval 

(OGI) 

Formalizes genomic elements by defining a class ‘genetic 

interval’, based on BFO. 

 

 

3. Systems/Platforms Built on Genomic KGs 

Biomedical Knowledge Graph Systems, Purpose and Platforms, these biomedical Knowledge Graphs 

(KGs) are powered by ontology-based frameworks that combine various genetic, phenotypic, and drug-related 

data into easily accessible, interpretable, and queryable resources. These KGs aid in the investigation of bio-

logical knowledge, drug repurposing, variation interpretation, and gene-disease finding. 

3.1. Gene–Disease Discovery 

Systems devoted to discovering connections between genes and illnesses 

• DisGeNET: connects genes, variations, and diseases by combining literature, experimental data, and care-

fully chosen sources [7].  

• BOCK: creates a gene-centric KG by combining the networks of OLIDA, GO, HPO, co-expression, and PPI.  

• ARBOCK: allows BOCK to be extended for mining meta path rules that link gene pairs in biological net-

works [30]. 

• Decision Set (DS) Models: BOCK/ARBOCK rule-based interpretable models for predicting hazardous gene 

pairings [35].  

• DiGePred: uses phenotypes and gene characteristics to predict gene pairings that cause digenic diseases 

[36].  

• BioGraph / BioKB: Heterogeneous KG for the finding of gene-disease associations on a wide scale [7, 23]. 
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3.2. Pharmacogenomics and Drug Repurposing 

Platforms for pharmacogenomic research, pathway-based reasoning, and drug-target analysis. 

• Hetionet: incorporates phenotypes, routes, medications, diseases, genes, and negative impacts.  

• RPath: Uses gene-disease pathways to prioritize therapeutic candidates (based on Hetionet [37]. 

• PharmGKB: Provides pharmacogenomic insights by mapping genes, variations, medications, and illnesses 

[38].  

• OpenBioLink: A benchmark KG for biomedical network link prediction testing [39].  

3.3. Prediction at the Variant Level 

KGs that highlight genetic variations and the effects they have on phenotype. 

• ClinVar KG, VariantKG, GenCC, and PKG: Support pathogenicity predictions, represent variations, and 

associate them with phenotypes. 

3.4. Exploration and Visualization Tools 

Platforms for genomic KG visualization, analysis, and querying. 

• KnetMiner: FAIR-compliant tool integrating genome-scale data for gene-trait analysis. KnetMiner: a com-

prehensive approach for supporting evidence-based gene discovery and complex trait analysis across spe-

ciesKnetMiner: a comprehensive approach for supporting evidence-based gene discovery and complex 

trait analysis across species 

• Genephony: Local KG that conducts exploratory analysis on genes, SNPs, and transcripts [40].  

• GenoLink: A graph-based application for interactively visualizing phenotypes, pathways, genes, and var-

iations [41].  

3.5. Knowledge Graph Embedding / ML Tools 

Models and tools for KG predictive analysis and embedding learning. 

• Metapath2Vec [30], BioKG2vec [42], and Dlemb [43]: embedding methods that capture graph structure 

and semantic routes. 

• TransE and RotatE.: Gene-disease, drug-target, and pathway interactions can be predicted using Vector-

space KG models [44, 45]. 

• R-GCN: A graph neural network model for biological KGs that manages diverse relations 

 

Table 2. Systems Built on Genomic KGs 
 

System / Platform               

Based on / Description                   

Purpose / Function 

System / Platform               

Based on / Description                   

Purpose / Function 

System / Platform               

Based on / Description                   

Purpose / Function 

BOCK (Biological networks 

and Oligogenic 

Combinations as a KG) 

Integrates OLIDA with gene-centric 

networks (PPI, co-expression, GO, 

HPO) 

Builds genome-focused KG 

to study disease-causing 

gene interactions 

ARBOCK Built on BOCK KG 

Mines metapath rules to 

predict pathogenic gene 

interactions 

Decision Set (DS) Models Trained from ARBOCK + BOCK KG 

Predicts if gene pairs are 

pathogenic with 

interpretable rules 

DiGePred 
Uses gene & phenotype features (some 

KG-derived) 

Predicts digenic gene 

interactions 

Hetionet 
Heterogeneous biomedical KG (genes, 

drugs, diseases, pathways) 

Disease–gene prediction, 

drug repurposing 

RPath Uses Hetionet KG 

KG reasoning for drug 

prioritization via gene–

disease paths 
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BioGraph Heterogeneous biomedical KG 
Genome-scale discovery and 

disease–gene prediction 

BioKB 
Combines text-mined and curated 

biomedical knowledge 

Gene interactions and 

pathway knowledge 

exploration. 

DisGeNET 

Integrates gene–disease associations 

and variants from curated and 

experimental sources 

Understanding gene–disease 

relationships 

PharmGKB 
Pharmacogenomics KG (genes, 

variants, drugs, diseases) 

Genome-level gene–drug–

disease interactions 

OpenBioLink 
Benchmark biomedical KG with gene-

level entities 

Evaluation of link prediction 

tasks 

Metapath2Vec 
Embedding learning for 

heterogeneous biomedical KGs 

Predicting gene–disease 

associations 

BioKG2vec 
Random-walk-based KG embedding 

algorithm 

Predicting gene–disease 

associations 

Dlemb 
Shallow neural network for KG entity 

embeddings 

Predicting gene–disease 

associations 

RotatE KG embedding model (complex space) 
Link prediction tasks 

including gene–disease 

TransE 
Translational embedding model for 

KGs 

Gene–disease association 

prediction 

R-GCN 
Relational Graph Convolutional 

Network 

Predicting gene–disease 

associations in KGs 

Genephony 
Local KG of genomic entities (genes, 

SNPs, transcripts) 

Manipulating and exploring 

genome entity relationships 

GenoLink 
Graph querying and visualization tool 

for genomic data 

Functional genomics data 

exploration 

KnetMiner 
FAIR KG integrating genome-scale 

and cross-species data 

Gene discovery and trait 

analysis 

 

4. Transparency Techniques for Genome Knowledge Graphs 

Transparency in AI-driven genomic KGs is essential for clinical decision-making and scientific credibility. 

Techniques that uncover the reasons behind predictions and connect them to interpretable biomedical infor-

mation can be broadly divided into four categories: model-agnostic explainability, graph-based explainability, 

biological validation, and hybrid reasoning. 

4.1. Model-Agnostic Explainability 

Methods for emphasizing key properties that apply to any AI model. 

• By approximating complex models with interpretable ones, LIME explains predictions locally and is used 

to find significant genes, variations, or pathways. 

• In order to improve clinical interpretability, feature attribution quantifies the input characteristics' (such 

as gene connections, variants, and illness linkages) contribution to a prediction [46].  

4.2. Graph-Based Explainability 

 Methods for making forecasts interpretable by utilizing the KG structure. 

• Subgraph/Path Extraction: Indicates pertinent KG segments that connect genes, proteins, or pathways to 

anticipated results [47]. 

• Rule Extraction: Produces logical rules that are readable by humans (e.g., gene X interacts with Y → disease 

Z) [48, 49]). 
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• Provenance: Maintains track of the data sources and supporting documentation for every prediction, guar-

anteeing accountability [50]. 

• Biological Validation 

Techniques that compare known biological knowledge with AI predictions. 

• Pathway Enrichment Validation: increase confidence in results by confirming that predicted genes or var-

iations match established biological pathways [51]. 

4.3. Hybrid Reasoning 

 Enables interpretable inference by fusing AI models with symbolic logic. 

• Symbolic Reasoning :Generates explicable inference paths by applying KG's logical framework. 

• Neuro-Symbolic Integration: Combines symbolic thinking and deep learning to preserve prediction ability 

while preserving intelligible explanations.  

Table 3. Techniques for Genome Knowledge Graphs 

Paper Year Gnome KG Used Techniques Used Explaination of Techniques 

Ribeiro et al., 

"Why Should I 

Trust You?" 

2016 

Not applicable 

(focuses on general 

AI models) 

LIME(Local 

Interpretable 

Model-agnostic 

Explanations 

LIME:A method that explains 

individual predictions by 

approximating the model 

locally with an interpretable 

one. 

Murakami et 

al., 

Pathogenicity 

Prediction of 

Gene Fusions 

2024 

Fusion-gene KG 

(fusion genes, 

pathways, protein 

domains, miRNAs, 

references) 

LIME, Natural 

Language 

Explanations 

(LLM-generated), 

KG-based evidence 

highlighting 

LIME: Shows which features 

of the input influenced the 

AI’s prediction most. Natural 

Language Explanation: 

Converts KG evidence into a 

short, human-readable 

sentence. KG Evidence 

Highlighting: Points out the 

specific paths/facts in the KG 

that support the prediction. 

Abe et al., 

Explainable AI 

for Variant 

Pathogenicity 

2023 

Genomic/clinical KG 

(variants, genes, 

diseases) 

Feature 

importance / 

attribution 

Highlights which KG-

derived features (gene 

connections, variant info, 

disease links) contributed 

most to the AI prediction 

[52]. 

Renaux et al., 

Predicting 

Disease-

Causing Genes 

2023 

Biomedical KG (gene 

interactions, 

pathways) 

Subgraph / Path 

extraction 

Extracts a small network 

(subgraph) showing the 

chain of connections from a 

gene to disease. Makes it easy 

to see the reasoning behind 

the prediction. 

Chatzianastasis 

et al., EMGNN 

for Cancer 

Gene 

Prediction 

2023 
Biological networks 

(treated as KG) 

Attention-based 

feature 

importance, 

Pathway 

enrichment 

validation 

Attention: Shows which 

nodes/genes in the network 

influenced the prediction 

most. Pathway enrichment 

validation: Checks whether 

predicted genes are part of 

known biological pathways 

to make results interpretable. 
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5. Integration: Ontology → KG System → Transparent AI 

Transparency approaches are the last step in a multi-layered pipeline that starts with ontologies, opera-

tionalizes through KG systems, and integrates transparent AI into genomic applications. Ontology design and 

KG construction have a direct impact on the quality and interpretability of the final AI outputs because each 

layer builds upon the one before it. 

5.1. Ontology Layer:  

Systems for genome-based KG, such as DisGeNET, which combines experimental and curated gene-dis-

ease correlations Hetionet, a drug repurposing platform that integrates medications, genes, and diseases into 

a diverse biological network. KnetMiner makes it possible to generate hypotheses for complicated trait ge-

nomics, In addition to the more current VariantKG, which offers scalable genomic variant representation for 

graph learning.  

5.2. Transparent AI Layer:  

Transparency approaches, such as LIME, which locally approximates complex models to generate inter-

pretable forecasts, are used to AI predictions at the top of the pipeline subgraph and path extraction, which 

finds relational chains of biological significance to support outputs [53, 54], provenance tracking, which traces 

predictions back to data sources for traceability, and rule-based reasoning, which supplements embedding-

based techniques with symbolic explanation [55-58],These methods are particularly important in clinical ge-

nomics, where predictability and interpretability are improved by transparency. 

GenomicKB: a 

knowledge 

graph for the 

human 

genome 

2023 

GenomicKB (all 

human genes, 

variants, regulatory 

info) 

Provenance / 

Evidence linking 

Shows exactly which 

database, paper, or source 

supports a prediction. Helps 

users trace back the AI 

decision to real, trustworthy 

evidence. 

Chandak et al., 

Building a KG 

for Precision 

Medicine 

2023 
Large integrative 

biomedical KG 

Provenance / 

Subgraph evidence 

Combines showing the path 

in the KG used for the 

prediction with the source of 

the facts, so the reasoning 

behind the AI’s output is 

transparent. 

Rajabi et al., 

Knowledge-

graph-based 

explainable AI: 

A systematic 

review 

2022 
Various biomedical 

KGs 

Rule extraction, 

Subgraph 

extraction, 

Pathway 

enrichment 

Rule extraction: Derives 

logical rules from the KG to 

explain decisions. Subgraph 

extraction: Identifies relevant 

subgraphs in the KG that 

support predictions. Pathway 

enrichment: Assesses 

whether predicted genes are 

involved in known biological 

pathways. 

Lecue et al., On 

the Role of 

Knowledge 

Graphs in 

Explainable AI 

2019 Various KGs 

Rule-based 

reasoning, 

Subgraph 

extraction 

Rule-based reasoning: 

Applies logical rules derived 

from the KG to explain AI 

decisions. Subgraph 

extraction: Identifies and uses 

relevant subgraphs in the KG 

to support predictions. 
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This layered perspective highlights the fact that transparency only becomes apparent at the very end and 

is inevitably reliant on the caliber of the KG system building and ontology design. The efficacy of downstream 

explainability techniques is directly hampered by errors or inconsistencies in earlier phases, highlighting the 

significance of an integrated, end-to-end design for transparent genomic AI. 
 

6. Research Gaps & Open Challenges 

Even with advancements in the use of Knowledge Graphs (KGs) for transparent AI in genomics, several 

significant obstacles still need to be overcome. The first is the absence of defined explainability frameworks in 

genomic AI. The lack of a unified paradigm for creating or assessing explainability in this field leads to frag-

mented, non-reproducible methods and emphasizes the need for domain-specific standards, even though nu-

merous studies suggest methods like feature attribution, path extraction, and provenance tracking [59]. Sec-

ond, most existing transparency strategies are still correlation-based, concentrating on identifying significant 

genes or variations without revealing the underlying biological or causal mechanisms. New frameworks for 

causal inference for omics data show promise for progressing from correlation to mechanistic interpretability, 

a field in genomic AI that is still largely uncharted [60-62]. 

Third, clinical adoption necessitates provenance, validation, and confidence in addition to accuracy. Cli-

nicians' trust and interpretability are increased when model predictions are connected to carefully chosen, 

physiologically validated sources (such as variant–gene–disease linkages in KGs. Lastly, there is still a lack of 

research on the integration of neuro-symbolic thinking with genomic KGs. Although explainability has been 

enhanced in other domains by these hybrid approaches, which combine neural embeddings with symbolic 

ontologies and rules, their use in clinical genomics, disease mechanism discovery, and variant pathogenicity 

prediction is still in its infancy [63]. 

 

7. Analysis and Synthesis 

The ontologies, systems, and explainability techniques surveyed in this paper together suggest a space 

that is composed of many components but not structurally connected between the layers. At the ontology level, 

the eighteen resources reviewed cover a wide range from general foundational vocabularies, like GO, GENO, 

and OGG, to more closely-tuned ones, such as ANTIBIOTIC RESISTANCE, NIST_GEL for genome editing, 

and HANCESTRO for human ancestry. This diversity reflects the high investment in semantic standardization 

within the community but also shows that there is no consolidation toward a smaller number of interoperable 

standards in genomic knowledge. A KG constructed with the sole purpose of storing GO does not necessarily 

have the granularity level of GVO, and a KG constructed with the sole purpose of storing HANCESTRO does 

not necessarily have the context of the ancestors of HANCESTRO. Integrating multiple ontologies is still a 

manual, project-specific process and is not a solved problem. 

A similar fragmentation can be seen at the systems level, but along a different dimension. The platforms 

reviewed can be divided into three functional categories: rule-based, interpretable-by-design, (ARBOCK's met-

apath rules, Decision Set models), large curated discovery platforms that focus on coverage rather than trans-

parency (DisGeNET, Hetionet, PharmGKB, KnetMiner), and embedding-based models that are inherently 

opaque by construction (TransE, RotatE, R-GCN, Metapath2Vec, BioKG2vec, Dlemb). Importantly, most of the 

systems reviewed are in the bottom two categories, as most of the currently operating genomic KG systems 

are currently not engineered for explainability as the primary architectural goal but rather for maximize cov-

erage of prediction or embedding accuracy.This is where it is evident that there is a real difference. When 

comparing the explainability techniques they reviewed with the systems they reviewed, few of the methods 

like LIME, subgraph extraction, provenance tracking, and rule extraction are applied to any of the well-estab-

lished systems.  

None of the techniques explored in this paper are illustrated in a general paper, but instead are shown in 

a stand-alone paper on a purpose-built or task-specific KG for which the paper was written. No major, widely 

used, systems were described anywhere in the literature reviewed that had an explainability technique as an 

inbuilt feature. To sum up, while the field has independently developed its explainability toolkit and 
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production-grade KG platforms, they have yet to be combined: explainability is not something that users of 

the big platforms can access directly.A partial instructive exception is the ability to trace back to the origin of 

an item, which is known as provenance tracking. In GenomicKB and also in the precision medicine KG devel-

oped, evidence traceability is integrated during the design phase of the KG and is not "added on" later. This 

demonstrates that in practical terms, there is no issue of methods; indeed there is no technical reason why 

provenance-by-design is not possible in other systems, it is just a matter of priorities.A parallel imbalance is 

seen between the explainability techniques.  

As for the current literature, subgraph and rule extraction are the most prevalent techniques, whereas the 

use of neuro-symbolic and symbolic reasoning techniques, is relatively uncommon. This is typical of one of 

the key gaps presented in the previous part of this survey. In principle, neuro-symbolic reasoning is particu-

larly appropriate for genomic KGs as it allows the combination of the structured logic provided by ontological 

rules with the pattern recognition abilities of embedding-based learning, but is also the least explored explain-

ability category among the reviewed works.Together these observations suggest a single takeaway point: the 

lack of ontologies, systems, or explainability techniques isn't the problem with genomic AI; there is a lack of 

integration between the three layers of each. Explainability research and production-grade KG systems have 

taken almost parallel and non-intersecting paths. The goal of closing the gap is probably the most important 

task for the field in the future, rather than finding new individual techniques.  

 

8. Conclusion 

A revolutionary approach to furthering genomic research and therapeutic applications is the combination 

of explainable AI with Knowledge Graphs (KGs). As the analysis demonstrates, while there are many ontolo-

gies, systems and explainability techniques available, they are largely not integrated into the production-grade 

KG platforms that researchers and clinicians actually use. While explainable AI techniques guarantee that the 

insights obtained from complicated biological information are transparent, reliable, and therapeutically useful, 

KGs offer the structural framework for organizing such knowledge. This collaboration is especially important 

in the field of genomics, where choices have the potential to directly affect patient outcomes and necessitate 

not only predicted accuracy but also interpretability and validation. 

In order to move forward, the science needs to move beyond opaque "black-box" models to systems that 

represent biomedical reasoning that can be verified by humans. Making sure that outputs are supported by 

causal, physiologically based explanations necessitates integrating transparency into each step of the pipeline, 

from ontology design and KG generation to AI-driven inference. 

In addition to improving clinical confidence and regulatory acceptance, these advancements will provide 

researchers and practitioners with the means to connect unprocessed genomic data with useful medical in-

sights. 

Future genomics systems can go beyond performance metrics alone by combining rigorous KG frame-

works with explainable and interpretable AI to provide solutions that are visible, auditable, and consistent 

with the fundamental ideas of biomedical research. 
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