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Abstract

Comprehensive genomic data exchange is challenging but critical for future research. Beacon API networks,

promoted by initiatives like GA4GH, facilitate genomic variation data discovery while preserving privacy and

data ownership. However, their use is often limited by the need for costly storage, compute intensive data pre-

processing, and periodic updates as genomic knowledge constantly progresses. This work proposes an on-the-fly

approach for enriching genomic variants with biological annotations provided by established knowledge bases. It

thus reduces the computational load and processing time. We explore integrating open and interoperable life

sciences knowledge graphs with sensitive health genomic data discoverable through Beacon APIs. We propose

this federated framework as a step towards increasing FAIRness of genomic data.
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1. Introduction

Understanding rare or multi-factorial diseases requires the setup of large cohorts as well as collabo-

rative interdisciplinary research covering physiopathology, medical image processing and genomic

sequencing in patients. These collaborative efforts require the combination of multi-source data, each

with distinct access methods and security requirements. For instance, medical imaging data is increas-

ingly recognized as sensitive, while genomic data is always required to be securely stored on-site in

dedicated infrastructures. However, genomic variation retrieved from patients are often combined with

annotations originating from public knowledge bases to evaluate their potential consequences to an

already known disease or disorder. In addition, researchers generally need to reproduce their findings

on other cohorts and need to identify relevant genomic datasets to reuse. Consequently, sharing this

data is essential to accelerate research on multi-factorial or rare diseases, as each organisation hosts

valuable sensitive genomic health data. For now, due to regulatory and security constraints, it is very

challenging to develop federated systems allowing queries over human health data, including genomic

variation and other types of biomedical data.

The difficulties of sharing sensitive genomic health data is partly addressed with the development of the

Beacon API network [1], promoted by international initiatives such as Global Alliance for Genomics and
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Health (GA4GH)
1
. These APIs allow the discovery of genomic variations while not disclosing sensitive

fine-grained information, protecting patient privacy and data ownership [2]. Prior to making data

discoverable through a Beacon API, some pre-processing is required [3] which is relatively costly, both in

terms of storage space and computation time. To annotate genomic variants – and there can be millions

for a single biological sample – several reference databases must be downloaded. These databases

allow to describe, for instance, the function of a gene, the pathogenicity of a mutation, its frequency

in a reference population, etc. All these annotations are critical for the biological interpretation of

genomic variants. This presents several drawbacks: i) significant network bandwidth and storage space

is required, ii) in cohorts with many biological samples to process, a high performance computing

infrastructure is needed, and finally iii) when the state of knowledge evolves over time, it becomes

necessary to rerun the entire workflow for updating the annotations. The solution we propose is to

execute genomic variation annotation on-the-fly, leveraging up-to-date, open and trusted reference

knowledge bases such as Uniprot [4], Genome Aggregation Database (gnomAD) [5] or Ensembl [6].

This would save more time for analysis and cut back data processing steps.

The Findable, Accessible, Interoperable and Reusable (FAIR) principles and the development of public

and interoperable Life Science knowledge graphs make it possible for data scientists to query, reason

and integrate massive, diverse and decentralized knowledge bases [7, 8, 9]. For instance, in the context

of rare diseases, with a very limited amount of data describing affected patients, data scientists can

leverage the Human Phenotype Ontology (HPO) [10] and reason on phenotype hierarchies for query

expansion. Similarly, data scientists can benefit from the Gene Ontology (GO) [11] in the Uniprot

knowledge base to identify target proteins associated to a typical biological function.

In this work, we address the following research question: Is it possible to integrate on-the-fly public
knowledge graphs with state-of-the art genomic data discovery APIs ?

The main contributions of this work are i) a system architecture for on-the-fly FAIRification of genomic

variation data, ii) a semantic mapping for aligning Beacon genomic variations to reference life science

ontologies, and iii) a concrete federated query showcasing the integration of local genomic variation

and public knowledge graphs.

The remainder of this paper is organized as follows. Section 2 introduces the biological needs for

querying both public KGs and genomic variants. Section 3 describes the synthetic genomic data, the

domain specific ontologies and the strategy for the on-the-fly data FAIRification. Section 4 presents the

technical solution to access Beacon APIs as semantic datasources, and the federated query responding

to our motivation use case.

2. Motivating use case

We focus on Intracranial aneurysms (ICA), a neurovascular disease characterized by saccular deforma-

tions of brain vessels. ICA rupture, although rare, often results in death or severe disabilities. The causes

and mechanisms of ICA formation, stabilization or progression towards rupture remain unknown [12,

13, 14, 15]. Information about the genomic variation found in patients suffering from ICA is essential

to accelerate research on this topic, as ICA formation is known to be at least partially due to genomic

factors.

Figure 1 introduces our motivating scenario. Imagine that Alice is a data scientist studying blood vessel

walls and their adaptation to varying blood flows. For her research project Alice has access to the

genomic variants of patients carrying brain vessel deformities i.e., aneurysms. She is interested in the

subset of genomic variants found in genes coding for proteins involved in blood vessel formation i.e.,
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angiogenesis. Here is a typical question she wants to answer: "Which genomic variants reside in genes
involved in angiogenesis among patients with intracranial aneurysms?".

Answering Alice’s question requires the combination of public knowledge provided by databases such

as UniprotKB (protein and their functional annotation) and Wikidata (protein and their corresponding

gene location) with genomic variants found in Alice’s experimental data obtained from patients.

Data 
scientist 

UniprotKB

WikidataBeacon API

Which genomic variants reside in 
genes involved in angiogenesis 

among  patients with 
intracranial aneurysms?

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

target proteins

Protein encoding genes 
and their location?❷

biological samples with a mutation 
in the target DNA regions 

(chromosome, start, end)  ?
❸

[{chromosome, start, end}, …]

genomic variants

Figure 1: Integration of public databases with experimental data. Beacon hosts Alice’s experimental data
and metadata about genomic variation, UniprotKB is a vast resource describing proteins, including Gene
Ontology describing molecular function, cellular components and biological processes, and Wikidata provides
gene locations.

In step ❶, it is necessary to retrieve a list of proteins associated with "angiogenesis" using the Gene

Ontology term GO:0001525. Since UniprotKB is a knowledge graph that hosts the Gene Ontology, it is

possible to exploit its class hierarchy to automatically retrieve more specific concepts still relevant for

Alice’s research topic, for example "angiogenesis involved in coronary vascular morphogenesis" which

corresponds to the term GO:0060978.

In step ❷, using Wikidata, it is possible to locate the genes coding for these proteins, using protein

identifiers obtained from UniprotKB. Wikidata is instrumental in bridging the gap between angiogenesis

associated proteins retrieved from UniprotKB and experimentally obtained genomic variants found in

the Beacon API ❸, since the variants may be located within genes.

Succinctly, a genomic variant location can be described in four parts: the reference genome assembly it

was found in, the chromosome, the start and the end coordinates. The variation part denotes a difference

between the reference genome (called reference base) and the patient’s genome (called alternate base).

Finally in step ❸, it is necessary to filter the millions of genomic variants found in aneurysm patients

based on whether or not they are found within genes coding for proteins involved in angiogenesis.

In this work, we aim at alleviating the burden of manually integrating the heterogeneous data sources

by proposing an automated approach based on federated queries. Thus, our goal is to propose a system

architecture allowing to automatically execute the work plan of Figure 1 through a single query.

3. Approach

In this section we introduce our approach which consists in using relevant ontologies and public

data sources (Section 3.1) and a mediator (Section 3.2) to semantically access a Beacon API currently

containing synthetic genomic data.



3.1. Ontologies and Knowledge Graphs for synthetic genomic variations

Synthetic genomic dataset We used an in house simulated data to mimic experimental data. The

simulation was done using genomic variants from the 1000 genomes project
2
. We extracted genomic

variants contained in a subset of genes involved in angiogenesis. The human genome reference assembly

was GRCh38.

Semantic representation of genome variants Sequence Ontology (SO), FALDO [16] and Genotype

Ontology were used to describe the genomic variants. Sequence Ontology is used to describe the

features and attributes of biological sequences. FALDO aims at uniformly representing precise locations

within genomic sequences. A genomic variant is defined as a difference between nucleotide base(s)

in an individual and the reference genome assembly of choice at a known location. We used the

term SO:0001059 (sequence alteration) to describe a genomic variant. We used FALDO to connect the

SO:0001059 concept to its genomic location. We followed the FALDO data schema to represent the

location on the reference genome (chromosome, start, end). To designate the chromosome sequence we

used the term SO:0000353 described as a sequence of nucleotides that has been algorithmically derived
from an alignment of two or more different sequences. We used the Genotype Ontology to represent the

reference nucleotide(s) found in the reference genome assembly and the alternate nucleotide(s) found in

patients. Figure 2 summarizes how to semantically represent and share genomic variants discoverable

through Beacon APIs.

variantInternalID

so:0001059
(Sequence Alteration)

a

faldo:location

faldo:Region

a
faldo:begin

faldo:end

faldo:reference

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

geno:0000207
(has sequence attribute)xsd:String

xsd:String xsd:String

xsd:String

geno:0000382
(has variant part)faldo:reference

a

so:0000353
(sequence assembly)

sio:000300
(has value)

xsd:String

Figure 2: Semantic schema leveraging SO, FALDO and GENO ontologies for representing genomic variants.
Circles are instances, rectangles are classes and edges are properties.

Protein functional annotation Gene Ontology (GO) is a biomedical ontology [17] used in many life

science data or knowledge bases. It hierarchically represents molecular functions, biological processes

and cellular components. For instance, “angiogenesis”, a biological process identified with GO:0001525,

is precisely defined as follows: “Blood vessel formation when new vessels emerge from the proliferation of
pre-existing blood vessels.". This GO term is used in the monarch initiative database [18] to annotate

2,687 genes, and in Uniprot [19] to annotate 75,339 proteins. We used GO as a source of annotation

for proteins. UniprotKB is the Knowledge Base of the UNIversal PROTein resource that interconnects

information from large and heterogeneous biological sources. It supports many ontologies such as

Gene Ontology, Human Phenotype Ontology and (rare) disease ontologies. UniprotKB describes protein

sequence, their functional annotation and their association with phenotypes, diseases or disorders. We

used UniprotKB to retrieve lists of human proteins and the associated Gene Ontology terms. UniprotKB

does not contain information about gene location as it focuses on protein sequences.
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Gene location Wikidata
3

is a general purpose knowledge graph. We used this resource to retrieve

gene location information (reference genome assembly, chromosome, start and end coordinate) of lists

of genes that encode for proteins previously retrieved from UniprotKB. Wikidata retrieves its gene

location information from Ensembl, a long time established and trusted genome database.

3.2. On-the-fly FAIRification of genomic variations

Our motivations for integrating Beacon APIs as Linked Data rely in i) minimizing server-side costs

and avoiding a local duplication of public databases when enriching experimental genomic data with

biological annotations, ii) benefiting from “fresh” public data for biological annotations, externally

maintained, and iii) increasing the FAIRness of genomic variation data by reusing state-of-the-art and

community agreed ontologies.

Integrating non-RDF data into Linked Data is possible thanks to a plethora of solutions proposing

semantic mappings. RML (RDF Mapping language) [20]
4

is a widely-used mapping language allowing to

express rules that map heterogeneous data into the RDF data model. It is based on the W3C-standardized

mapping language R2RML
5

proposed to transform relational databases into RDF datasets. RML has

several advantages. It is source-agnostic as it supports several formats such as CSV, JSON and XML.

This flexibility facilitates the integration of diverse data sources. It also allows to express transformation

rules that can be reused and easily extended. Indeed, an RML mapping can be reused for several data

sources sharing the same structure.

In the data integration process [21], once mappings are identified, they can be used to materialize the

source data into a local graph (following the ETL process). They can also be used to virtualize the data

source by creating a graph view of the legacy data, enabling dynamic query rewriting that transforms

graph-based queries into equivalent queries for the underlying data source.

Our approach employs ODMTP (On-Demand Mapping using Triple Patterns) [22], a framework for

integrating non-RDF datasets on-demand into Linked Data using the TPF (Triple Pattern Fragments)

methodology [23]. TPF minimizes server-side costs by providing a lightweight triple-pattern interface,

delegating query decomposition to the client. Initially, the TPF client receives a SPARQL query and

decomposes it into multiple triple pattern queries(TPQs) which are processed one by one by the server.

ODMTP implements a TPF server. As shown in Figure 3, its specificity lies in converting triple pattern

queries into HTTP requests compatible with the Beacon API. The JSON response from the API is then

mapped to RDF triples using a predefined RML mapping. These triples are organized into fragments

and returned to the client, along with metadata (such as the total triples count and pagination details)

which enable the client to create an efficient execution plan. The client calculates the final result and

ultimately sends it to the user.

Mapping

TPQ2Json

Json2RDF

Beacon 
API

HTTP RequestSPARQL
Query TPQ

Fragment

TPF Server (ODMTP)

RDF2Fragment
Results

TPF Client

Execution plan

API Response

Figure 3: The ODMTP architecture, as described in [22], on top of a Beacon genomic variation dataset.
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4. Experimental results

4.1. Semantic mappings for Beacon API

Listing 1 shows an extract of the RML mappings for the Beacon API. In this listing we focus on the

mapping that allows for obtaining the start position in the genes for the variations. Relevant prefixes

are included in the Appendices.

Lines 1-15 allow for generating RDF triples that describe the start position of the genes. This information

is obtained using an iterator based on the JSONPath expression given in line 5. The evaluation of this

expression is a sequence and each element of that sequence represents a start position. We represent

start positions as IRIs that are the concatenation of the http://sembeacon.org/ressources/sb_
prefix, the constant exactposition, and the integer value of the position. Start positions are instances of

the faldo:ExactPosition class (line 8). The integer value of the start position is available in the

JSON file following the JSONPath expression given in line 12. For the JSON file given in Listing 2, this

value is shown in line 8. These are the integer values that will be used in the federated query to relate

the information in the Beacon API to the annotations available in Wikidata.

Existing tools such as Morph-KGC [24] allow for obtaining RDF triple using the RML mappings. For

instance, using the mapping from Listing 1 on a JSON file ( Listing 2), we obtain the RDF triples showed

in Listing 3.

Listing 1: Extract from the RML mapping

1 _:BeginPositionMap a rr:TriplesMap ;

2 rml:logicalSource [

3 rml:source "reponse_beacon.json" ;

4 rml:referenceFormulation ql:JSONPath ;

5 rml:iterator "$.response.resultSets[∗].results[∗].variation.location.interval" ] ;

6 rr:subjectMap [

7 rr:template "http://ourlab.org/ressources/ol_exactposition{start.value}" ;

8 rr:class faldo:ExactPosition

9 ] ;

10 rr:predicateObjectMap [

11 rr:predicate faldo:position ;

12 rr:objectMap [ rml:reference "start.value" ;

13 rr:termType rr:Literal ;

14 rr:datatype xsd:integer ]

15 ] .

Listing 2: Partial Beacon’s response

1 { "response": { "resultSets": [ { "results": [

2 { "variation": {

3 "location": {

4 "interval": {

5 "start": {

6 "value": 10093466 } } } } } ] } ] }

}

Listing 3: RDF representation (in Turtle)

of the extract in Listing 2

1 ol:exactposition10093466 a faldo:ExactPosition ;

2 faldo:position 10093466 .



4.2. System architecture and implementation

To address our motivating use case, we designed and implemented a system based on federated SPARQL

endpoints, on top of a FAIRified Beacon for genomic variation data. By FAIRified, we mean that it

virtually exposes RDF data, reuses community agreed vocabularies (GENO, SO, etc.) and allows for

semantic queries through the W3C standardized SPARQL language.

Data 
scientist

SPARQL
Client

Semantic 
RML 

mapping

Beacon API
JSON

Beacon API

atcgtcgagg
acctccga

atcgtcgagg
acctccga

atcgtcgagg
acctccga

Genomic
data 

facility

ODMTP
integrator

❸Uniprot 
SPARQL 
endpoint

❶

Proteins and 
Life Science KG 

Wikidata 
SPARQL 
endpoint

❷

General purpose KG

Federated 
SPARQL query

SPARQL subqueries

MongoDB

Figure 4: A decentralized architecture for combining biological annotations publicly accessible in reference a
knowledge graphs, with genomic variations, accessible through Beacon APIs.

Figure 4 illustrates the deployed and reused technical components. The system takes first as input a

federated SPARQL query that uses SERVICE clauses to specify the decentralized data source for each

sub-query that is executed by an external service. The SPARQL client, implemented with Comunica [25],

is responsible for the processing of the federated SPARQL queries. Parts of the query are sent to public

knowledge graphs such as UniprotKB or Wikidata (❶, ❷), and the part of the query specific to the

genomic variation data is sent to the ODMTP integrator (❸), responsible for the back-and-forth mapping

between Beacon responses in JSON and RDF data following the semantic schema introduced in Figure 2.

Finally, the reference implementation of the Beacon API is deployed on the same virtual machine as

ODMTP to host our synthetic genomic dataset. More technical details are provided at our GitHub

repository
6
.

4.3. Combining public Life Science knowledge graphs and Beacon data

In this section we showcase a federated SPARQL query designed to answer our motivating use case. It

uses three data sources, namely UniprotKB, Wikidata, and ODMTP for the local Beacon API. Listing 5

reports the full SPARQL query. Lines 2-7 describe a SERVICE clause with a basic graph pattern that is

sent to the remote UniprotKB SPARQL endpoint. UniprotKB then provides a list of proteins, belonging

to the human species (line 4), and classified with the Gene Ontology term "angiogenesis" and all its

sub-classes. For that we rely on the rdfs:subClassOf* SPARQL property path (line 6).

The second part of the query (lines 11-22) is sent to Wikidata. It is largely inspired by the query example

provided by Uniprot
7
. Wikidata provides here the start position, the end position and the chromosome

for locating the gene encoding for the given protein (UniprotKB).

Finally based on these locations, we filter the genomic variants provided by the local Beacon (lines

25-33). We use FALDO to refer to the location components (start, end, chromosome) and ensure that

they are matching the locations provided by Wikidata (FILTER clause lines 30-33)

6

https://github.com/SemanticBeacon/SemanticBeacon

7

https://sparql.uniprot.org/.well-known/sparql-examples/?offset=15

https://github.com/SemanticBeacon/SemanticBeacon
https://sparql.uniprot.org/.well-known/sparql-examples/?offset=15


Listing 4: Federated SPARQL query

1 SELECT ∗ WHERE {

2 SERVICE < h t t p s : / / s p a r q l . u n i p r o t . org / s p a r q l > {

3 ? p r o t e i n a up : P r o t e i n ;

4 up : organism taxon : 9 6 0 6 ;

5 up : c l a s s i f i e d W i t h ? goTerm .

6 ? goTerm r d f s : s u b C l a s s O f ∗ GO: 0 0 0 1 5 2 5 .

7 }

8 BIND ( SUBSTR ( STR ( ? p r o t e i n ) , STRLEN ( STR ( up : ) ) + 4 ) AS ? p r o t e i n I D 2 ) .

9

10 SERVICE < h t t p s : / / query . w i k i d a t a . org / s p a r q l > {

11 ?wp wdt : P352 ? p r o t e i n I D 2 ;

12 wdt : P702 ?wg .

13 ?wg wdp : P644 ? wgss ;

14 wdp : P645 ? wgse .

15 ? wgss wdps : P644 ? s t a r t c o o r d i n a t e ;

16 wdpq : P1057 / wdt : P1813 ? chromosome ;

17 wdpq : P659 / r d f s : l a b e l ? assembly .

18 ? wgse wdps : P645 ? e n d c o o r d i n a t e ;

19 wdpq : P1057 / wdt : P1813 ? chromosome ;

20 wdpq : P659 / r d f s : l a b e l ? assembly .

21 FILTER ( l a n g ( ? assembly ) = " en " )

22 FILTER ( STR ( ? assembly ) = " genome assembly GRCh38 " )

23 }

24

25 ? v a r i a n t a so : 0 0 0 1 0 5 9 ;

26 f a l d o : r e f e r e n c e / s i o : S IO_000300 ? chromosome ;

27 f a l d o : l o c a t i o n / f a l d o : beg in / f a l d o : p o s i t i o n ? v _ s t a r t ;

28 f a l d o : l o c a t i o n / f a l d o : end / f a l d o : p o s i t i o n ? v_end .

29

30 FILTER ( ( ( ( ? v _ s t a r t >= xsd : i n t e g e r ( ? s t a r t c o o r d i n a t e ) ) &&

31 ( ? v _ s t a r t <= xsd : i n t e g e r ( ? e n d c o o r d i n a t e ) ) ) )

32 | | ( ( ? v_end >= xsd : i n t e g e r ( ? s t a r t c o o r d i n a t e ) ) &&

33 ( ? v_end <= xsd : i n t e g e r ( ? e n d c o o r d i n a t e ) ) ) )

34 }

35 LIMIT 10

5. Discussion and conclusion

In this paper, we propose a system leveraging semantic mappings to facilitate the federated querying of

genomic variation data with public knowledge graphs.

One of the drawbacks of our prototype is the use of TPF to optimize and execute the queries. Following

this approach, each API call retrieves a triple pattern fragment that often is considerably larger than what

is specified in the query. This entails unnecessary data transfer and higher execution time. While still

being aligned with genomics standards promoted by international consortia for genomic data sharing

(Beacon), we extend their implementation so that they can be dynamically integrated through the

FALDO, GENO, and GO community agreed life science ontologies. The major benefit of this approach is

“data freshness”, meaning that biological annotations are maintained externally and always up-to-date.

However it can also be considered as a limitation since the reproducibility of genomics studies can be

impacted by the reliability of external service, and the possibly unavailability of a given release of the

public knowledge bases due to maintenance costs.

As future works, we aim at better covering the Beacon specification with semantic mappings. We plan

to evaluate SPARQL federation engines [26, 27] in terms of query performance and source selection

capability compared to native Beacon networks in the context of many participating data sources.

In addition, to increase reproducibility and explainability of the federated query results, we aim at



enhancing the FAIRified genomic data with provenance metadata describing dataset versions as well as

API request URLs and execution timestamps.
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Appendices

1 @pref ix f a l d o : < h t t p : / / b i o h a c k a t h o n . org / r e s o u r c e / f a l d o #> .

2 @pref ix xsd : < h t t p : / /www. w3 . org / 2 0 0 1 / XMLSchema#> .

3 @pref ix r r : < h t t p : / /www. w3 . org / ns / r2 rml #> .

4 @pref ix rml : < h t t p : / / semweb . mmlab . be / ns / rml #> .

5 @pref ix q l : < h t t p : / / semweb . mmlab . be / ns / q l #> .

6 @pref ix nv : < h t t p : / / sembeacon . org / r e s s o u r c e s / sb_ > .

1 PREFIX up : < h t t p : / / p u r l . u n i p r o t . org / c o r e / >

2 PREFIX taxon : < h t t p : / / p u r l . u n i p r o t . org / taxonomy / >

3 PREFIX skos : < h t t p : / /www. w3 . org / 2 0 0 4 / 0 2 / skos / c o r e #>

4 PREFIX GO: < h t t p : / / p u r l . o b o l i b r a r y . org / obo /GO_>

5 PREFIX r d f s : < h t t p : / /www. w3 . org / 2 0 0 0 / 0 1 / rd f −schema#>

6

7 PREFIX wdt : < h t t p : / /www. w i k i d a t a . org / prop / d i r e c t / >

8 PREFIX wdp : < h t t p : / /www. w i k i d a t a . org / prop / >

9 PREFIX wdpq : < h t t p : / /www. w i k i d a t a . org / prop / q u a l i f i e r / >

10 PREFIX wdps : < h t t p : / /www. w i k i d a t a . org / prop / s t a t e m e n t / >

11

12 PREFIX geno : < h t t p : / / example . org / geno /GENO_>

13 PREFIX s i o : < h t t p : / / s e m a n t i c s c i e n c e . org / r e s o u r c e / >

14 PREFIX so : < h t t p : / / s e m a n t i c s c i e n c e . org / r e s o u r c e / SIO_ >

15 PREFIX xsd : < h t t p : / /www. w3 . org / 2 0 0 1 / XMLSchema#>
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Listing 5: Federated SPARQL query

1 PREFIX skos : < h t t p : / /www. w3 . org / 2 0 0 4 / 0 2 / skos / c o r e #>

2 PREFIX up : < h t t p : / / p u r l . u n i p r o t . org / c o r e / >

3 PREFIX taxon : < h t t p : / / p u r l . u n i p r o t . org / taxonomy / >

4 PREFIX GO: < h t t p : / / p u r l . o b o l i b r a r y . org / obo /GO_>

5 PREFIX r d f s : < h t t p : / /www. w3 . org / 2 0 0 0 / 0 1 / rd f −schema #>

6

7 PREFIX wdt : < h t t p : / /www. w i k i d a t a . org / prop / d i r e c t / >

8 PREFIX wdp : < h t t p : / /www. w i k i d a t a . org / prop / >

9 PREFIX wdpq : < h t t p : / /www. w i k i d a t a . org / prop / q u a l i f i e r / >

10 PREFIX wdps : < h t t p : / /www. w i k i d a t a . org / prop / s t a t e m e n t / >

11

12

13 SELECT DISTINCT ? prote in_name ? b i o t y p e ? gene_name ? assembly ? chromosome ?

s t a r t c o o r d i n a t e ? e n d c o o r d i n a t e ? go_term ? wdgene

14 WHERE {

15 # Get p r o t e i n s a n n o t a t e d with GO: 0 0 0 1 5 2 5 ( a n g i o g e n e s i s ) or i t s s u b c l a s s e s

16 ? p r o t e i n a up : P r o t e i n ;

17 up : organism taxon : 9 6 0 6 ;

18 r d f s : l a b e l ? prote in_name ;

19 up : encodedBy / skos : p r e f L a b e l ? gene_name ;

20 up : c l a s s i f i e d W i t h ? go_term .

21

22 ? go_term r d f s : s u b C l a s s O f ∗ GO: 0 0 0 1 5 2 5 .

23 ? go_term r d f s : l a b e l ? b i o t y p e .

24

25 BIND ( SUBSTR ( STR ( ? p r o t e i n ) , STRLEN ( STR ( up : ) ) + 4 ) AS ? wdprote in ) .

26

27 # Get genes cod ing f o r the p r o t e i n s , and t h e i r c o o r d i n a t e s i n the hg38 assembly

28 SERVICE < h t t p s : / / query . w i k i d a t a . org / s p a r q l > {

29 ?wp wdt : P352 ? wdprote in ;

30 wdt : P702 ? wdgene .

31 ? wdgene wdp : P644 ? wgss ;

32 wdp : P645 ? wgse .

33 ? wgss wdps : P644 ? s t a r t c o o r d i n a t e ;

34 wdpq : P1057 / wdt : P1813 ? chromosome ;

35 wdpq : P659 / r d f s : l a b e l ? assembly .

36 ? wgse wdps : P645 ? e n d c o o r d i n a t e ;

37 wdpq : P1057 / wdt : P1813 ? chromosome ;

38 wdpq : P659 / r d f s : l a b e l ? assembly .

39 FILTER ( l a n g ( ? assembly ) = " en " )

40 FILTER ( STR ( ? assembly ) = " genome assembly GRCh38 " )

41 }

42 }

43 ORDER BY ? prote in_name
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