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Life science data

Life science : a large, complex, inter-dependent domain...

... that stands out among other experimental sciences

“Biology has become an information science” [T. Lenoir, 1998 Stanford]
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What to expect for 2025 ?

Our estimation is that genomics is a “four-headed beast” – it is either on

par with or the most demanding domain [...] in terms of

data acquisition

data storage

data distribution

data analysis
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Life science : beyond “data science”...

we have accumulated a trove of data

we store and share these data

(in 2.000+ reference databases [Rigden2025])

Life science : a domain that stands out
by its complexity

by the scarcity of its unifying laws

by its long history of knowledge description and formalization

... and toward “knowledge(-based) science” ?

We needs a framework to support this transition
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Attempt at defining some underlying notions

Database (e.g. Gene Expression Omnibus)

structured description of sets of homogeneous (as in “of the same class”)

instances and the relations between them.

Ontology (e.g. GeneOntology, ChEBI, HPO)

formal description of the general concepts (as in “the classes of things”)

of a domain and the relations between them.

(support general inferences).

Knowledge base (e.g. UniProt, Reactome, Rhea)

combines elements of databases and ontologies

(supports domain-based inferences about instances).

Knowledge graph (e.g. Reactome)

knowledge base that emphasizes graph-based capabilities.
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Requirements for coping with life science data complexity

Requirement 1 : identify resources with interoperable identifiers

Requirement 2 : describe resources

↭ their characteristics (e.g. start and end position of a gene,...)

↭ their relations to other entities (e.g. the transcripts associated to a

gene, the transcription factors that regulate it,...)

↭ the categories they belong to

Requirement 3 : combine descriptions from di!erent origins,

di!erent points of view, di!erent granularity levels

Requirement 4 : query these descriptions

Requirement 5 : support semantically-rich querying and reasoning

(because of the inner complexity) using domain knowledge

(this is required for capturing expertise)

Requirement 6 : cover the whole data life cycle

Requirement 7 : enforce reproducibility

If only the solutions to all these requirements were compatible !
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Outline

Life science data require

↭ integration

↭ knowledge-based reasoning

the Semantic Web provides a relavant framework

↭ RDF to represent knowledge graphs

↭ RDFS and OWL to represent knowledge and perform reasoning

↭ SPARQL to query knowledge graphs

What you will learn (hopefully)

a general understanding of symbolic knowledge...

... that relies on surprisingly simple principles
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Introduction to 
Knowledge Graphs



Data integration needs interoperability
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‣ Technical: exchange protocols 
compatible with different 
systems, e.g., HTTPS 

‣ Syntactic: data and metadata 
structure can be read/written by 
different systems  
→ formats 

‣ Semantic: data and metadata 
can be understood/actioned upon 
by different systems 
→ controlled vocabularies and 
ontologies

!



Being findable by both human and machines ?

‣ "Pasteur" is not a good identifier  
→ used to designate many "Humans"  
→ used to designate many locations or 
institutions 
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‣ Knowledge representation is key: 

- Entity kind/nature 

- Person, Research Institute 

- Relationships with other entities   

- Children, Education, 



❶ inter-linking data with knowledge graphs
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 a collection of interlinked descriptions of things  
(real-word objects, abstract concepts, events, etc.) 

✓ a database to store and 
retrieve information  

✓ a graph to represent 
multiple relationships and 
to perform network / 
community analysis 

✓ a knowledge base with 
formal semantics to 
perform logical reasoning, 
inferences …



Wikipedia → DBpedia Knowledge Graph
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http://dbpedia.org/sparql

SELECT DISTINCT ?gene ?entrez_id ?uniprot_id WHERE { 
    ?gene dbo:abstract ?abstract . 
    FILTER (regex(?abstract, "toxin")). 
    ?gene dbo:entrezgene ?entrez_id . 
    OPTIONAL {?gene dbo:uniprot ?uniprot_id} . 
}



Uniprot Knowledge Graph
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Uniprot Knowledge Graph
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Uniprot Knowledge Graph
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Uniprot Knowledge Graph
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All protein 
sequences 
associated to 
Escherichia 
coli K-12 ? 



Massive (and diverse) data already available 
in the form of knowledge graphs …  

… how can we ensure machines/humans 
“speak” the same language ? (semantic 
interoperability)



❷ Uniformly describe what is observed with data ? 
Computational ontology 

 a formal specification of a shared conceptualization  (Borst, 1997)  
→ 1,049 life science ontologies registered in BioPortal (2023)
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Human Phenotype Ontology 

Cerebral berry aneurysm

Dilatation of the cerebral artery

Abnormal cerebral artery morphology

Abnormal systemic arterial morphology

Abnormal vascular morphology

Abnormal vascular morphology

Abnormality of the cardiovascular system

is a

" Concepts (nodes) are connected 
with generalization relations (edges) "
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BioPortal
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Linked Open 
Data Cloud ff 
1357 
interlinked 
RDF datasets 
in 2025

https://lod-cloud.net/versions/2026-02-05/lod-cloud.svg 

https://lod-cloud.net/versions/2026-02-05/lod-cloud.svg


Life-science semantic resources are massively interconnected  
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Knowledge Graphs are instrumental for FAIR principles

‣ By-design, built for being both human and machine-readable  
        → Interoperability ✅ 

‣ Semantic Web technologies provide open and standard protocols: URLs / 
HTTP / RDF format / SPARQL query language (W3C standards)  
        → Findability ✅ (URIs for identifying things on the web)  
        → Accessibility ✅  
        → Interoperability ✅  

‣ Ontologies are community-agreed controlled vocabularies  
        → (semantic) Interoperability ✅  
        → Reuse ✅ 
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Transforming your data 
ff Knowledge graphs



RDF to link data 
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Definitions
(1) An RDF statement expresses a relationship between two resources 

(things) 

(2) The subject and the object represent the two resources being related ;  
the predicate represents the nature of their relationship 

(3) The relationship is phrased in a directional way (from subject to object) 
and is called in RDF a property 

RDF triples are simple "subject | verb | object" sentences: 

<RAC1> <is a> <human gene> .  

<RAC1> <has_label> "Rac Family Small GTPase 1" . 

<seq1> <is a variant of> <RAC1> . 



Graphical syntax
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n :             a node in the knowledge graph 

:             a property/relation/edge in the knowledge graph 

:             a literal → simple textual, numerical, boolean, date value"…"

:             a special node, denoting an ontology concept/classC

 r 



Examples
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<http://RAC1> <http://is_a> <http://Human_Gene> . 

Human 
GeneRAC1

 is a 

<http://snp123> <http://is_a_variant_of> <http://RAC1> . 

snp123  is a variant of 
RAC1

<http://RAC1>  <http://has_amino_acids>  192 .

RAC1 has amino acids 192

http://rac1
http://is_a_variant_of
http://rac1


RDF graphs
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Definitions
(1) A graph structure is formed 

with a set of nodes (resources) 
and edges(relationships between 
resources) 

(2) A set of RDF triples is called an 
RDF graph. RDF is a directed, 
labeled graph data format for 
representing information/
knowledge on the Web.

Human 
Gene

 is a  

snp123

 is a variant of 

RAC1 Mitral 
stenosis

 is a risk factor for 



Writing RDF graphs with the Turtle syntax
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Definitions
(1) One line per triple, each 

element separated by 
space, each triple endswith 
a .  
S  P  O . 

(2) If two triples describe  the 
same subject, you can 
reuse it:   
S  P1  O1 ; 
    P2  O2  . 

(3) If two triples describe  the 
same subject and  
predicate, you can reuse it:   
S  P  O1 , O2 .

@prefix ns: <http://my/namespace/> . 

ns:RAC1    rdf:type ns:Human_gene . 

ns:snp123  ns:is_a_variant_of     ns:RAC1 ; 

           ns:is_a_risk_factor_for ns:Mitral_stenosis .

Human 
Gene

 is a  

snp123

 is a variant of 

RAC1 Mitral 
stenosis

 is a risk factor for 

http://my/namespace/


Hands-on session: from text to KG ✏
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Question #1

From wikipedia : “The insulin receptor (IR) is a transmembrane receptor that 
is activated by insulin, IGF-I, IGF-II and belongs to the large class of receptor 
tyrosine kinase.” 

Draft a graphical representation of the associated knowledge graph.  
✓ Identify verbs  →  RDF predicates 
✓ Identify linked entities,  

    who is a subject of a relation ?  
    who is the object of a relation ? 

https://en.wikipedia.org/wiki/Transmembrane_receptor
https://en.wikipedia.org/wiki/Insulin
https://en.wikipedia.org/wiki/IGF-I
https://en.wikipedia.org/wiki/Insulin-like_growth_factor_2
https://en.wikipedia.org/wiki/Receptor_tyrosine_kinase


"Pen & paper" team work
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https://tinyurl.com/tvyeufcr 

https://tinyurl.com/tvyeufcr


One of the many solutions 
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“The insulin receptor (IR) is a transmembrane receptor that is activated by 
insulin, IGF-I, IGF-II and belongs to the large class of receptor tyrosine 
kinase.”

https://en.wikipedia.org/wiki/Transmembrane_receptor
https://en.wikipedia.org/wiki/Insulin
https://en.wikipedia.org/wiki/IGF-I
https://en.wikipedia.org/wiki/Insulin-like_growth_factor_2
https://en.wikipedia.org/wiki/Receptor_tyrosine_kinase
https://en.wikipedia.org/wiki/Receptor_tyrosine_kinase


Hands-on session: from text to KG ✏
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Question #2

From wikipedia : “The insulin receptor (IR) is a transmembrane receptor that 
is activated by insulin, IGF-I, IGF-II and belongs to the large class of receptor 
tyrosine kinase.” 

Translate your KG into RDF triples. 

https://en.wikipedia.org/wiki/Transmembrane_receptor
https://en.wikipedia.org/wiki/Insulin
https://en.wikipedia.org/wiki/IGF-I
https://en.wikipedia.org/wiki/Insulin-like_growth_factor_2
https://en.wikipedia.org/wiki/Receptor_tyrosine_kinase


In practice … 
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@prefix	ns:	<http://my/namespace/>	.	
@prefix	rdf:	<http://www.w3.org/1999/02/22-rdf-syntax-ns#>	.	

ns:insulin			ns:activates				ns:IR	.	
ns:IGF_I					ns:activates				ns:IR	.	
ns:IGF_II				ns:activates				ns:IR	.	

ns:IR			rdf:type		ns:TransmembraneReceptor	;	
								ns:belongs_to_class	ns:ReceptorTyrosineKinase	.

http://my/namespace/


Hands-on session: from text to KG ✏
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Question #3

Draft the knowledge graph 
associated to some of the 
RDF triples representing the 
P06213 Uniprot entity. 

https://rest.uniprot.org/uniprotkb/P06213.ttl 
@prefix	rdf:	<http://www.w3.org/1999/02/22-rdf-syntax-ns#>	.	
@prefix	up:	<http://purl.uniprot.org/core/>	.	
@prefix	annotation:	<http://purl.uniprot.org/annotation/>	.	
@prefix	citation:	<http://purl.uniprot.org/citations/>	.	
@prefix	range:	<http://purl.uniprot.org/range/>	.	
@prefix	faldo:	<http://biohackathon.org/resource/faldo#>	.	
@prefix	skos:	<http://www.w3.org/2004/02/skos/core#>	.	
@prefix	pubmed:	<http://purl.uniprot.org/pubmed/>	.	
@prefix	rdfs:	<http://www.w3.org/2000/01/rdf-schema#>	.	
@prefix	position:	<http://purl.uniprot.org/position/>	.	

<P06213>	rdf:type	up:Protein	;	
									up:citation	citation:2859121	,	
																					citation:2983222	;	
									up:annotation	annotation:PRO_0000016687	,	
																							annotation:PRO_0000016689	,	
																							annotation:VAR_015924	.	

citation:2859121	rdf:type	up:Journal_Citation	;	
																	up:title	"The	human	insulin	receptor	cDNA:	the	structural	basis	for	
hormone-activated	transmembrane	signalling."	;	
																	up:author	"Ebina	Y."	,	"Ellis	L."	;	
																	skos:exactMatch	pubmed:2859121	.	

annotation:PRO_0000016687	rdf:type	up:Chain_Annotation	;	
																										rdfs:comment	"Insulin	receptor	subunit	alpha"	;	
																										up:mass	83642	;	
																										up:range	range:22571007465304878tt28tt758	.	

range:22571007465304878tt28tt758	rdf:type	faldo:Region	;	
																																	faldo:begin	position:22571007465304878tt28	;	
																																	faldo:end	position:22571007465304878tt758	.

https://rest.uniprot.org/uniprotkb/P06213.ttl


"Pen & paper" team work

30

https://tinyurl.com/4xf83nxd

https://tinyurl.com/4xf83nxd


Practice … from KG to text 
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https://www.ldf.fi/service/rdf-grapher

https://www.ldf.fi/service/rdf-grapher


Querying with  
graph patterns



Triple patterns
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Definition
Triple Patterns (TP) are similar to 
RDF triples except that each of the 
subject, predicate or object may be a 
variable.  
 
Variables are prefixed with a ? . 

activates

IR

SPARQL is the W3C language to query multiple data 
sources expressed in RDF.  
 
The principle consists in defining graph patterns to be 
matched against an RDF graph.

?x			ns:activates				ns:IR	.



Basic graph patterns
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Definition

Basic Graph Patterns (BGPs) 
consist in a set of triple patterns to 
be matched on an RDF graph. 

?x			ns:activates				?y	.	
?y			ns:belongs_to_class		
																	ns:ReceptorTyrosineKinase	.

Give me all known activators of any 
Receptor Tyrosine Kinase  ? 

→ all entities that activate 
something that belongs to class 
“Receptor Tyrosine Kinase”    

activates

Receptor 
Tyrosine 
Kinase

belongs to  
class



SPARQL query evaluation
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?x			ns:activates				?y	.	
?y			ns:belongs_to_class		
																	ns:ReceptorTyrosineKinase	.

MYOD1

PTEF-ß

activates

activates

?x ?y



SPARQL query evaluation
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?x			ns:activates				?y	.	
?y			ns:belongs_to_class		
																	ns:ReceptorTyrosineKinase	.

MYOD1

PTEF-ß

activates

activates

?x ?y

insulin IR



SPARQL query evaluation
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?x			ns:activates				?y	.	
?y			ns:belongs_to_class		
																	ns:ReceptorTyrosineKinase	.

MYOD1

PTEF-ß

activates

activates

?x ?y

IGF-I IR

insulin IR



SPARQL query evaluation
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?x			ns:activates				?y	.	
?y			ns:belongs_to_class		
																	ns:ReceptorTyrosineKinase	.

MYOD1

PTEF-ß

activates

activates

?x ?y

IGF-II IR

IGF-I IR

insulin IR



Typical SPARQL query
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Reasoning  
with ontologies
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Ontologies in use: use the MeSH to query PubMed

Handle synonyms (from PubMed https://pubmed.ncbi.nlm.nih.gov/)

▪ Look for articles about “vitamin c” in full text search
▪ Look at the MeSH annotations
▪ Look for the MeSH term vitamin C and the articles it annotates
▪ Look for the MeSH term ascorbic acid and the articles it annotates

Handle taxonomy (from the MeSH https://www.nlm.nih.gov/mesh/)

▪ Look for cardiovascular disease
▪ Select the relevant MeSH term (https://meshb.nlm.nih.gov/record/ui?ui=D002318)
▪ Look at its synonyms and its descendants
▪ Add it to the search builder
▪ Search on PubMed

https://meshb.nlm.nih.gov/record/ui?ui=D002318
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Ontologies in use: the Gene Ontology

Synonyms and taxonomy are handled transparently

In the GO website (http://geneontology.org/)

▪ Look for “glucose metabolic process”
▪ Select “ontology” in the radio box
▪ Select the relevant GO term (http://amigo.geneontology.org/amigo/term/GO:0006006)
▪ Select either the “graph view” or the “inferred tree view”

▪ Visualise the GO term ancestors
▪ Visualize the GO term descendants

▪ For Homo sapiens, how may proteins, miRNA, etc are annotated by this GO 
term (or one of its descendants)?

http://geneontology.org/
http://amigo.geneontology.org/amigo/term/GO:0006006
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Toy example

https://en.wikipedia.org/wiki/Insulin_receptor

The insulin receptor (IR) is a 
transmembrane receptor that is 
activated by insulin, IGF-I, IGF-II 
and belongs to the large class of 
receptor tyrosine kinase.[5] 
Metabolically, the insulin receptor 
plays a key role in the regulation 
of glucose homeostasis, a 
functional process that under 
degenerate conditions may result 
in a range of clinical 
manifestations including diabetes 
and cancer. How these concepts are 

related together ? 

How these relations link 
concepts together ?    

Do they allow deductions ? 

https://en.wikipedia.org/wiki/Insulin_receptor
https://en.wikipedia.org/wiki/Transmembrane_receptor
https://en.wikipedia.org/wiki/Insulin
https://en.wikipedia.org/wiki/IGF-I
https://en.wikipedia.org/wiki/Insulin-like_growth_factor_2
https://en.wikipedia.org/wiki/Receptor_tyrosine_kinase
https://en.wikipedia.org/wiki/Insulin_receptor#cite_note-pmid19274663-5
https://en.wikipedia.org/wiki/Glucose_homeostasis
https://en.wikipedia.org/wiki/Diabetes
https://en.wikipedia.org/wiki/Cancer


24

Toy example
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RDF-S to represent simple ontologies 

Class VS Instances

Resources may be classified into 
groups called classes. The members of 
a class are known as instances of the 
class. The rdf:type property is used to 
state that a resource is an instance of a 
class (« is a » relation ).

RDF-Schema aims at providing a simple vocabulary to organize domain-specific 
knowledge through classes (concepts) and properties (relationships). 

Defining ontologies

● rdf:type: to state that a resource is an 
instance of a class

● owl:Class & owl:Property to define 
specific classes or properties

● rdfs:subClassOf: to state that all the 
instances of one class are instances 
of another

● rdfs:subPropertyOf: to state that all 
resources related by one property are 
also related by another

● rdfs:range: a constraint on 
the class membership(s) for 
values of this property

● rdfs:domain: a constraint on 
the class membership(s) for 
resources having this 
property

● rdfs:label, rdfs:comment
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Sample RDF-S vocabulary

@prefix etbii: <http://our-namespace#> .

@prefix wikipedia: <https://en.wikipedia.org/wiki/>

etbii:TransmembraneReceptor rdf:type owl:Class ;

rdfs:subClassOf etbii:Receptor ;

rdfs:seeAlso wikipedia:Cell_surface_receptor .

etbii:Receptor rdf:type owl:Class ;

         rdfs:subClassOf etbii:Protein .

etbii:Protein rdf:type owl:Class .

etbii:isActivatedBy rdf:type owl:Property .

rdfs:domain etbii:Protein ; 

rdfs:range etbii:Protein .     

https://en.wikipedia.org/wiki/Cell_surface_receptor
https://en.wikipedia.org/wiki/Cell_surface_receptor
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Reasoning with RDFS-Entailments

RDFS CoreInference rules

Derive new logical facts from existing triples, or verify logical consistency (satisfiability) of 

a knowledge graph.

rdfs9/rdfs11Type deduction via class hierarchies

If TranscriptionFactor rdfs:subClassOf Protein, any individual typed as 

TranscriptionFactor  is also inferred as Protein — automatically.

drfs2/rdfs3Type deduction via relations

The rdfs:domain and rdfs:range of a property let the reasoner infer entity types from the 

relationships alone — no explicit annotations needed.

OWL (Web Ontology Language) and Description Logics (DL) enable 

more expressive reasoning — cardinality constraints, class closure, 

inverse property inference, and more.

Going further
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Reasoning with RDFS-Entailments

RDFS entailement rules (a selection)

Rule If S contains… Then S entails…

rdfs2 aaa  rdfs:domain  xxx

yyy  aaa  zzz

yyy  rdf:type  xxx

rdfs3 aaa  rdfs:range  xxx

yyy  aaa  zzz

zzz  rdf:type  xxx

rdfs9 xxx  rdfs:subClassOf  yyy

zzz  rdf:type  xxx

zzz  rdf:type  yyy

rdfs11 xxx  rdfs:subClassOf  yyy

yyy  rdfs:subClassOf  zzz

xxx  rdfs:subClassOf  zzz

rdfs2 / rdfs3 highlighted — applied to the insulin/IR example below

Rule rdfs2 - step by step

IF

AND

THEN

Property X declares a domain class Y

X  rdfs:domain  Y

e.g. isActivatedBy  rdfs:domain  Protein

Individual a is linked to b via X

a  X  b

e.g. IR  isActivatedBy  insulin

a is inferred to be of type Y

a  rdf:type  Y   [new fact]

e.g. IR  rdf:type  Protein  

Resulting RDF graph

Protein

IR insulin

rdf:type rdf:type

isActivatedBy

Schema: 

isActivatedBy  rdfs:domain Protein.

isActivatedBy  rdfs:range Protein.

IR  isActivatedBy  insulin

ASSERTED:

IR  rdf:type  Protein
insulin  rdf:type  Protein

INFERRED:
rdfs2
rdfs3



Biomedical application
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Intracranial aneurysms

‣ 3% of the general population 

‣ unpredictable rupture 

‣ 50% of death in case of rupture 



Multi-factorial disease → multi-scale data

Inter-disciplinary efforts needed for a better understanding of the pathology
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ATCGCGTGGCCTAACG
ATGCGCGATCGTCGAC
GCAATCGGCCTAACGT
GGCCTAATCCGAATCG
ACGCACCGAATCATCG
CGTGGCCTAACGATGC
GCGATCGTCGACGGAA
TCGACGCACCGAATCA

space

time

aneu
rysm

 

evolu
tion

gene
s

orga
ns

popu
latio

ns

ICAN bio-collection  
(3k individuals) 



Data integration & sharing challenges

43

❶ How to collect high-
quality medical images 
from multiple hospitals/
MRIs ? 

❷ How to interlink and 
query multi-modal and 
multi-scale data while 
preserving privacy 
constraints ?

❸ How to mine and 
model patient 
trajectories from EHR 
data ? can we predict 
clinical outcomes ?



Knowledge graphs for clinical & genomic data
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Anatomical structures ? Neuro-vascular 
tissues ?  

‣ UBERON  

‣ NCIT

Clinical data / phenotypes ?  
‣ SPHN  
‣ HPO  
‣ DUO

Genomic data ?  
‣ FALDO  
‣ SO / GENO 
‣ SIO 

A clinical and genomic 
intracranial aneurysm 
knowledge graph 

to find & exchange 
phenotypes/variants with 
reference terminologies ! 

Privacy issues



Beacon protocol

Rambla, J., Baudis, M., Ariosa, R., Beck, T., Fromont, L. A., Navarro, A., Paloots, R., Rueda, M., Saunders, G., Singh, B., Spalding, J. D., Törnroos, J., Vasallo, C., Veal, C. 
D., & Brookes, A. J. (2022). Beacon v2 and Beacon networks: A "lingua franca" for federated data discovery in biomedical genomics, and beyond. Human 
mutation, 43(6), 791–799. https://doi.org/10.1002/humu.24369 

Beacon: a standard and exchange protocol for more decentralized biomedical research 
(promoted by Elixir and GA4GH)

‣ Metadata model for ‘Variation’, 
‘Sample’, ‘Dataset’, ‘Individual’, etc 

‣ Different access models:  
boolean, aggregated data, record level  

‣ A framework with a  
reference implementation 

only speaks “beacon” 

https://doi.org/10.1002/humu.24369


Genomic variation data & “annotation”

‣ Large tabular file: 1 line per genomic 
variation, 1 column per individual   

‣ Specific columns for locating the 
variation in the genome  

‣ INFO column for annotations coming 
from external databases: e.g. 
pathogenicity scores (CADD v1.7: whole 
genome annotation database, 625G) 

https://cadd.gs.washington.edu/download 

Compute and storage intensive  

variant annotation

https://cadd.gs.washington.edu/download
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The UniProt public knowledge graph

Massive FAIR 
Life Science data



Issues & Objectives

⚠ Genomic variants must be safely kept on-site. 

⚠ Annotating genomic variants for biological interpretation is costly (data 
transfer + CPU).  

% Massive and diverse reference data already available in the form of 
interoperable public knowledge graphs. 

How to enable on-the-fly annotation of genomic beacon data with public 
knowledge graphs ?



Intracranial aneurysm motivating use case

Data 
scientist 

Uniprot

WikidataBeacon

Which genomic variants are 
located in genes associated with 
the formation of blood vessels ?

proteins annotated with angiogenesis 
GO term or any sub-class ?❶

target proteins

location : chromosome , start and 
end  position for all these genes ?❷

biological samples with a mutation 
in the target DNA regions 

(chromosome, start, end)  ?❸

[{chromosome, start, end}, …]

genomic samples



Semantic representation of genomic variants
‣ SO: Sequence Ontology 

‣ GENO: Genotype Ontology 

‣ FALDO: Feature Annotation Location Description 
Ontology 

‣ SIO: Semantic science Integrated Ontology
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No need to create a new 
ontology …  

variantInternalID

so:0001059
(Sequence Alteration)

a

faldo:location

faldo:Region

a
faldo:begin

faldo:end

a
geno:0000036

(reference allele)
sio:000300
(has value)

geno:0000382
(has variant part)

a

geno:0000002
(variant allele)

sio:000300
(has value)

faldo:position

faldo:Position

a

xsd:Integer

xsd:String
xsd:String

geno:0000382
(has variant part)

faldo:reference

a

so:0000353
(sequence assembly)

sio:000300
(has value)

xsd:String



Architecture for “Semantic” Beacons
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atcgtcgagga
cctccga

atcgtcgagga
cctccga

atcgtcgagga
cctccgaBeacon API

LS 
Knowledge 

Graph

ODMTP
mapper

RML 
mapping

Federated 
SPARQL 

query

SPARQL
Engine

HTTP 
Get

❶

❷ ❸

❹

SPARQL

SPARQL

Genomics 
data 

facility

Uniprot, GO, etc.

Moreau, B., Serrano-Alvarado, P., Desmontils, E., & Thoumas, D. (2017, October). Querying non-RDF Datasets using Triple Patterns. In 16th International Semantic Web 
Conference (ISWC2017).

+ MongoDB



Federated SPARQL query 
SELECT * WHERE { 
  SERVICE <https://sparql.uniprot.org/sparql> { 
    ?protein a up:Protein ; 
        up:organism taxon:9606 ;       
        up:classifiedWith ?goTerm . 
    ?goTerm rdfs:subClassOf* GO:0001525 . 
  } 
  BIND(SUBSTR(STR(?protein), STRLEN(STR(up:)) + 4) AS ?proteinID2) 
. 
   
  SERVICE <https://query.wikidata.org/sparql> { 
    ?wp wdt:P352 ?proteinID2 ; 
        wdt:P702 ?wg .  
    ?wg wdp:P644 ?wgss ; 
        wdp:P645 ?wgse . 
    ?wgss wdps:P644 ?startcoordinate ; 
        wdpq:P1057/wdt:P1813 ?chromosome ; 
        wdpq:P659/rdfs:label ?assembly . 
    ?wgse wdps:P645 ?endcoordinate ; 
        wdpq:P1057/wdt:P1813 ?chromosome ; 
        wdpq:P659/rdfs:label ?assembly . 
    FILTER(lang(?assembly) = "en") 
    FILTER(STR(?assembly) = "genome assembly GRCh38") 
  } 
   
  ?variant a so:0001059 ; 
    faldo:reference/sio:SIO_000300 ?chromosome ; 
    faldo:location/faldo:begin/faldo:position ?v_start ;  
    faldo:location/faldo:end/faldo:position ?v_end . 
   
  FILTER( (((?v_start >= xsd:integer(?startcoordinate)) &&  
            (?v_start <= xsd:integer(?endcoordinate)) ))  
        || ((?v_end >= xsd:integer(?startcoordinate)) &&  
            (?v_end <= xsd:integer(?endcoordinate))) ) 
} 
LIMIT 10

All human proteins (taxon:9606) 
classified with all sub-classes of  
“angiogenesis” (GO:0001525)

For the matching proteins, get the 
location of the encoding genes for 
the GRCh38 reference human 
genome

SERVICE clauses for each  
remote data source 

Be
ac

on All local genomic variants matching 
the localization constraints



Take-home message 
‣ Beacon is great for privacy-preserving genomic data discovery   

‣ However, it has a limited interoperability with public knowledge graphs such as Uniprot  

‣ Many ontologies are available to represent genomic data as knowledge graphs  

‣ This approach preserves decentralization and data source autonomy through federated 
SPARQL queries.  

‣ Future works include 

- addressing scalability issues (costly aggregate queries, non-selective queries on remote 
sources, distributed joins …) 

- addressing security issues in knowledge graph federations → SAFE-KG ANR project 

• safe federated query formulation (LLM)  

• safe and efficient federated query execution  

• decentralized access and usage policies, traceability and explainability  
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KG Application in ML
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Graph embeddings approach

Disease-Gene association
Protein Function prediction
PPI prediction
Drug-Target (Drug) Interaction
Drug response …

Zhang X-M, Liang L, Liu L and Tang M-J (2021) Graph Neural Networks 
and Their Current Applications in Bioinformatics. Front. Genet. 12:690049. 
doi: 10.3389/fgene.2021.690049 

Some Tasks

https://doi.org/10.1093/bioinformatics/btz718

https://doi.org/10.1093/bioinformatics/btz718
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Node classification / Link prediction / Synth. data generation

Using graph-based model to identify cell specific synthetic 
lethal effects
https://doi.org/10.1016/j.csbj.2023.10.011 

Zhang X-M, Liang L, Liu L and Tang M-J (2021) Graph Neural Networks and Their Current Applications in 
Bioinformatics. Front. Genet. 12:690049. https://doi.org/10.3389/fgene.2021.690049  

https://doi.org/10.1016/j.csbj.2023.10.011
https://doi.org/10.3389/fgene.2021.690049
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Embeddings methods on knowledge graphs give different results

Alshahrani M, Thafar MA, Essack M. 2021. Application and evaluation of knowledge graph embeddings in biomedical data. 
PeerJ Computer Science 7:e341 https://doi.org/10.7717/peerj-cs.341

Uniprot Embeddings

RDF2VEC

DistMult

ComplEx
RDGCN

MultiKE

i-Align

KG embeddings models

https://doi.org/10.7717/peerj-cs.341
https://www.uniprot.org/help/embeddings
http://rdf2vec.org/
https://arxiv.org/abs/1412.6575
https://arxiv.org/abs/1606.06357
https://arxiv.org/pdf/1908.08210.pdf
https://www.ijcai.org/proceedings/2019/0754.pdf
https://arxiv.org/abs/2308.13755
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LLMs vs KGs pros and cons

=> Boosting LLMs with External Knowledge: The Case for Knowledge Graphs

Retrieval Augmented Generation and Knowledge Graphs

https://gradientflow.com/boosting-llms-with-external-knowledge-the-case-for-k
nowledge-graphs/ 

Pan, S., Luo, L., Wang, Y., Chen, C., Wang, J., & Wu, X. (2023). Unifying Large 
Language Models and Knowledge Graphs: A Roadmap. ArXiv, abs/2306.08302.

https://gradientflow.com/boosting-llms-with-external-knowledge-the-case-for-knowledge-graphs/
https://gradientflow.com/boosting-llms-with-external-knowledge-the-case-for-knowledge-graphs/
https://arxiv.org/abs/2306.08302
https://arxiv.org/abs/2306.08302
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Some Life Science application of LLMs + KG

Overview of the SPIRES approach.
SPIRES is available as part of the open source OntoGPT 
package: https://github.com/monarch-initiative/ontogpt  

Soman et al. https://doi.org/10.1093/bioinformatics/btae560

https://github.com/monarch-initiative/ontogpt
https://doi.org/10.1093/bioinformatics/btae560
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Toward combining KGs and LLMs

KG to LLM 
- Document / explain generated text with “facts” coming from knowledge graphs : e.g. 

Explicability https://arxiv.org/pdf/2309.01029.pdf https://arxiv.org/abs/2311.09188 
- Explain data with complex structure : e.g. map data with ontologies, ontology alignment
- Answer domain-specific questions : e.g. guided fine-tuning 

LLM to KG 
- Natural language interface to generate SPARQL queries : e.g. SPARQL Generation: an 

analysis on fine-tuning OpenLLaMA for Question Answering over a Life Science Knowledge 
Graph. Ana Claudia Sima et al. SWAT4HCLS 2024 https://arxiv.org/abs/2402.04627 

- Augment knowledge with synthetic data for better prediction in graph embedding 
approaches e.g. https://arxiv.org/abs/2203.13965 

Pan, S., Luo, L., Wang, Y., Chen, C., Wang, J., & Wu, X. (2023). Unifying Large Language Models and Knowledge Graphs: A Roadmap. ArXiv, 
abs/2306.08302.

https://arxiv.org/pdf/2309.01029.pdf
https://arxiv.org/abs/2311.09188
https://arxiv.org/abs/2402.04627
https://arxiv.org/abs/2203.13965
https://arxiv.org/abs/2306.08302
https://arxiv.org/abs/2306.08302


Dynamic Retrieval Augmented Generation of 
Ontologies using Artificial Intelligence 
(DRAGON-AI)
Sabrina Toro et al
https://arxiv.org/abs/2312.10904 

Biomedical knowledge graph-enhanced prompt generation 
for large language models
Soman et al. https://arxiv.org/pdf/2311.17330.pdf 

BioMedGPT: Open Multimodal Generative Pre-trained 
Transformer for BioMedicine 
Yizhen Luo et al. https://arxiv.org/abs/2308.09442 

https://jastt.org/index.php/jasttpath/article/download/404/107/2294

https://arxiv.org/search/cs?searchtype=author&query=Toro,+S
https://arxiv.org/abs/2312.10904
https://arxiv.org/pdf/2311.17330.pdf
https://arxiv.org/abs/2308.09442
https://jastt.org/index.php/jasttpath/article/download/404/107/2294


Multi-Agent Systems for scientific discovery

https://doi.org/10.48550/arXiv.2412.16833

https://doi.org/10.48550/arXiv.2412.16833
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Keep in mind
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Key concepts

Complex data analyses require fine-grained, explicit descriptions

● Annotate your data with RDF to assemble knowledge graphs (KGs)

● Support future integration by referring to other Knowledge 
Graphs: URIs

● Formalize domain knowledge with ontologies: RDFS, OWL

● Mine (multiple) KGs with graph patterns: (federated) SPARQL 
queries 
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Some available public Knowledge Graphs 

IDSM: small molecules 

Wikidata: general knowledge 

- Covid related queries 

Wikipathways 

 

RDFportal.org: catalog of 50+ life 
science KGs

Uniprot: proteins 

Rhea: chemical reactions 

Bgee: gene expressions 

SemOpenAlex: academic papers  

https://idsm.elixir-czech.cz/sparql
https://query.wikidata.org/
https://egonw.github.io/SARS-CoV-2-Queries/
https://www.wikipathways.org/sparql.html
http://rdfportal.org
http://rdfportal.org
https://sparql.uniprot.org/
https://sparql.rhea-db.org/
https://www.bgee.org/sparql/
https://semopenalex.org/sparql
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Going further

● Bob DuCharme
○ What is RDF?

http://www.bobdc.com/blog/whatisrdf/
○ What is RDFS?

http://www.bobdc.com/blog/whatisrdfs/
○ SPARQL in 11 minutes

https://www.youtube.com/watch?v=FvGndkpa4K0
○ Learning SPARQL, 2nd ed. O’Reilly

● https://www.w3.org/TR/rdf11-primer/

● https://www.w3.org/TR/sparql11-query/

● https://www.slideshare.net/LeeFeigenbaum/sparql-cheat-sheet  

● http://www.wikipathways.org/index.php/Help:WikiPathways_Sparql_queries 

● https://www.fun-mooc.fr/fr/cours/web-semantique-et-web-de-donnees/ 

http://www.bobdc.com/blog/whatisrdf/
http://www.bobdc.com/blog/whatisrdfs/
https://www.youtube.com/watch?v=FvGndkpa4K0
https://www.w3.org/TR/rdf11-primer/
https://www.w3.org/TR/sparql11-query/
https://www.slideshare.net/LeeFeigenbaum/sparql-cheat-sheet
http://www.wikipathways.org/index.php/Help:WikiPathways_Sparql_queries
https://www.fun-mooc.fr/fr/cours/web-semantique-et-web-de-donnees/


Questions ? 

olivier.dameron@univ-rennes1.fr

alban.gaignard@univ-nantes.fr

pierre.larmande@ird.fr

mailto:alban.gaignard@univ-nantes.fr

