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Context: Knowledge graphs in the Web of data

• Directed and labeled multigraphs
• Nodes
Individuals Classes Literals

• Edges
• Labeled by a predicate
• Defined by triples

⟨subject,predicate,object⟩

• Semantic Web standards
RDF, URI, RDFS, OWL, SPARQL, …
(Berners-Lee et al. 2001)
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Motivation: From a general assessment about the Web of data…

Increasing size and number of available knowledge graphs
→ Interest in their conjoint use

• Concurrent publication and edition→ possible overlap
• Heterogeneity issues: vocabularies, granularities, …

→ Matching similar units within and across KGs

(a) LOD Cloud in 2007

(b) LOD cloud in 2020

from lod-cloud.net – cb 2/19
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Motivation: … to a specific application: pharmacogenomics (PGx)

Pharmacogenomics (PGx) studies the influence of gene variants on drug
responses

Abstract PGx relationship

{drug1, . . . , drugk}

{geneticFactor1, . . . , geneticFactorm}

{phenotype1, . . . , phenotypel}

Example: CYP2C9 and warfarin

{warfarin}

{CYP2C9}

{vascular disorders}

3/19



… to a specific application: pharmacogenomics (PGx)

• 2 sources of PGx knowledge

• Interest of matching
• PGx knowledge useful in precision medicine
• State-of-the-art knowledge may lack validation

→ Align sources to obtain a consolidated view of the
PGx knowledge

• Such a view can then be mined
• Explain Adverse Drug Reactions
• Predict side effects or pharmacogenes

Specialized databases
(e.g., PharmGKB)

Biomedical litterature

4/19



Example of expected matching results between PGx relationships

{warfarin}

{CYP2C9}

{vascular disorders}

{warfarin}

{CYP2C9}

??

{warfarin}

{CYP2C9*2}

{vascular disorders}

{warfarin}

{CYP2C9}

{bleeding}

{coumaphène}

{CYP2C9}

{hemorrhage}

more specific than

more specific than
identical

more specific than

related

{warfarin}

{CYP2C9}

{warfarin adverse reaction}

related
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Preliminary work



PGxLOD: a knowledge graph for pharmacogenomics

PGxLOD

PGxO class Number of instances

PharmacogenomicRelationship 50,435↰From PharmGKB (structured data) 3,650↰From PharmGKB (text mining) 10,240↰From the literature 36,535

88M triples
11M nodes (w/o literals)

416 predicates

pgxo.loria.fr pgxlod.loria.fr practikpharma/pgxo

(Monnin, Jonquet, et al., NETTAB, 2017) (Monnin, Legrand, et al., BMC Bioinformatics, 2019)
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Example of expected matching results between PGx relationships
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Discovering alignment relations with
Graph Convolutional Networks



Graph embedding: definition & intuition

i

j

k l

p1
p2

p3

Graph structures
(e.g., nodes)

d-dimensional space
preserving graph properties

(Cai et al. 2018; Chami et al. 2020; Ji et al. 2020; Nickel et al. 2016; Q. Wang et al. 2017)

Intuition: Continuous aspect→ enable flexibility (Guha 2015)
May capture fuzzier similarities, deal with missing direct mappings, …
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Graph embedding for matching nodes

Possible tasks
Link prediction (e.g., owl:sameAs), node classification, node clustering

Learning task
Learn node embeddings such that
similar nodes↔ low distance b/w their embeddings
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Learning node embeddings with Graph Convolutional Networks (GCNs)

• “Message-passing framework” of multiple layers
(Kipf et al. 2017; Schlichtkrull et al. 2018)

• Learns embeddings of a node i w.r.t. its neighbors

h(l+1)i = σ

(∑
r∈R

∑
j∈N r

i

1
ci,r
W(l)
r h

(l)
j︸ ︷︷ ︸

Neighborhood

+ W(l)
0 h

(l)
i︸ ︷︷ ︸

Self-connection

)
i

j

k

l

p1

p2 p3

→ Well-adapted to a structure-based matching
(Pang et al. 2019; Z. Wang et al. 2018)
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Learning node embeddings with GCNs and the Soft Nearest Neighbor (SNN) loss

minLSNN(N, Y, T,h) = −
1
|N|
∑
i∈N

log



∑
j∈N
j ̸=i
Yi=Yj

e−
||hi−hj||

2

T

∑
k∈N
k̸=i

e−
||hi−hk||2

T


• h: node embeddings
• T: temperature

• N: nodes involved in clusters
• Y: cluster labels of nodes in N

→ Minimize intra-cluster distances and maximize inter-cluster distances
(Frosst et al. 2019)
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Approach outline

Embedding space

sameAs

broadMatch

related

Knowledge graph

Computation of gold clusters
+ Application of inference rules

GCNs 
+ SNN LossClustering + Evaluation

Clusters 
+ Evaluation metrics

+ Gold cluster labels

Transformed knowledge graph
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Applying inference rules associated with domain knowledge

Graph Before After

G0 i j
r

i j
r

rinv
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Clustering performance

Several clustering algorithms were evaluated (Ward, Single, OPTICS)
we only report results with Single (best results)
Different “gold clustering” were used as alternative gold standards
we only report results with C0 gold clustering (a mix of different alignement relations)

Gold clustering C0 on all graphs

Graph Performance

G0 (no inference rules) Baseline
G1 (sameAs contraction) Improvements
G2 (inverses and symmetry of predicates) Deterioration
G3 (hierarchy of predicates) Improvements
G4 (hierarchy of classes) Consistent deterioration
G5 (all inference rules) Improvements – Best results

15/19



Approach outline

Embedding space

Distance analysis
sameAs broadMatch related

sameAs

broadMatch

related

Knowledge graph

Computation of gold clusters
+ Application of inference rules

GCNs 
+ SNN LossClustering + Evaluation

Clusters 
+ Evaluation metrics

+ Gold cluster labels
Transformed knowledge graph

Distributions of distances between similar nodes
by alignment relation
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Distance analysis: rediscovery of alignment relations?

0
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sameAs closeMatch relatedMatch related broadMatch

G0 – Fold 1 17/19



Conclusion & Perspectives



Conclusion & Perspectives

• Difficult task: uneven cluster sizes, different alignment relations
• In difficult settings, domain knowledge improves performance
→ Interest of considering domain knowledge within embedding approaches

• Distances coherent w.r.t. “strength” of relatedness
→ Emergence of semantics in the embedding space

• To confirm with other graph embedding techniques / other tasks
• Where to consider domain knowledge?
• What other semantics could emerge in the embedding space?

pmonnin/gcn-matching (Monnin, Raïssi, et al., DL4KG@ESWC)
(Monnin, Raıs̈si, et al., Semantic Web Journal)
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Thank you for your attention!

Embedding space

Distance analysis
sameAs broadMatch related

sameAs

broadMatch

related

Knowledge graph

Computation of gold clusters
+ Application of inference rules

GCNs 
+ SNN LossClustering + Evaluation

Clusters 
+ Evaluation metrics

+ Gold cluster labels
Transformed knowledge graph

Distributions of distances between similar nodes
by alignment relation
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PGxLOD: a knowledge graph for pharmacogenomics

• Scope: representing PGx n-ary relationships to reconcile and trace them
• Representation of n-ary relationships through reification (Noy et al. 2006)

{warfarin}

{CYP2C9}

{vascular disorders}

CYP2C9

warfarin

vascular_disordersrel_1

causes

causes causes



Results of a first rule-based matching approach

PharmGKB (sd) PharmGKB (ca) Literature EHRs

Links from Rule 1 (=)
Encoded by owl:sameAs

PharmGKB (sd) 166 0 0 0
PharmGKB (ca) 0 10,134 0 0

Literature 0 0 122,646 0
EHRs 0 0 0 0

Links from Rule 2 (∼)
Encoded by skos:closeMatch

PharmGKB (sd) 0 5 0 0
PharmGKB (ca) 5 1,366 0 0

Literature 0 0 16,692 0
EHRs 0 0 0 0

Links from Rule 3 (≼)
Encoded by skos:broadMatch

PharmGKB (sd) 87 3 15 0
PharmGKB (ca) 9,325 605 42 0

Literature 0 0 75,138 0
EHRs 0 0 0 0

Links from Rule 4 (≶)
Encoded by skos:relatedMatch

PharmGKB (sd) 20 0 0 0
PharmGKB (ca) 0 110 0 0

Literature 0 0 18,050 0
EHRs 0 0 0 0

Links from Rule 5 (∝)
Encoded by skos:related

similarity ≥ 0.8

PharmGKB (sd) 100,596 287,670 414 2
PharmGKB (ca) 287,670 706,270 1,103 19

Literature 414 1,103 1,082,074 15
EHRs 2 19 15 0

sd: Structured Data
ca: Clinical Annotations
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Statistics of the considered neighborhood in PGxLOD

# nodes # edges # predicates

PGxLOD 11,808,396 43,341,712 416
G0 3,758,814 39,956,844 689
G1 3,879,081 46,960,365 733
G2 3,758,814 22,085,701 347
G3 3,758,814 41,048,190 697
G4 3,758,928 42,691,984 701
G5 3,882,945 27,277,789 375



Learning embeddings, clustering, and evaluation

• All gold clusterings Ci with G0 (no inference rules) and G5 (all inference rules)
• All graphs Gj with gold clustering C0 (all alignment relations)
• 5-fold cross validation
• 3 layer GCN→ 3-hop neighborhood considered
• Clustering on embeddings of nodes belonging to gold clusters

Algorithm Parameter

Ward # clusters to find
Single # clusters to find
OPTICS Min size of clusters

Metric Abbr. Domain

Unsupervised Clustering Accuracy ACC [0, 1]
Adjusted Rand Index ARI [−1, 1]
Normalized Mutual Information NMI [0, 1]



Clustering performance: all gold clusterings Ci with G0 and G5

G0 G5
(no inference rules) (all inference rules)
ACC ARI NMI ACC ARI NMI

C0 Single 0.66 0.53 0.52 0.74 0.61 0.54

C1 Single 0.41 0.18 0.41 0.72 0.53 0.52

C2 Single 0.99 0.99 0.99 0.99 0.99 0.99

C3 Ward 0.92 0.90 0.94 0.86 0.81 0.89

C4 Ward 0.99 0.90 0.86 0.99 0.91 0.88

C5 Single 0.81 0.31 0.25 0.82 0.32 0.26

C6 Single 0.63 0.56 0.70 0.74 0.76 0.76

• C0 and C1
• Mix different alignment relations
→ Difficult task

• Consistent improvement w/ G5
• C2, C3, C4, C5, and C6

• Only one alignment relation each
• No homogeneous improvement



Clustering performance: all graphs Gj with gold clustering C0

Graph ACC ARI NMI Performance

G0 (no inference rules) 0.66 0.53 0.52 Baseline
G1 (sameAs contraction) 0.73 0.78 0.51 Improvements
G2 (inverses and symmetry of predicates) 0.62 0.47 0.48 Deterioration
G3 (hierarchy of predicates) 0.70 0.58 0.52 Improvements
G4 (hierarchy of classes) 0.56 0.42 0.50 Consistent deterioration
G5 (all inference rules) 0.74 0.61 0.54 Improvements – Best results

Results on algorithm w/ best performance: Single



Distance analysis: rediscovery of alignment relations?
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(b) G0 – Fold 2
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(c) G0 – Fold 3

sameAs closeMatch relatedMatch related broadMatch

0

5

10

15

20

25

30

(d) G0 – Fold 4
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(e) G0 – Fold 5
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(f) G5 – Fold 1
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(g) G5 – Fold 2
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(h) G5 – Fold 3
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In each figure, links are from left to right:
owl:sameAs, skos:closeMatch, skos:relatedMatch, skos:related, skos:broadMatch
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Computation of gold clusters
+ Application of inference rules



Gold clusterings: from similarity links to gold clusters

Rule 1 (=) Rule 2 (∼) Rule 4 (≶) Rule 5 (∝) Rule 3 (≼)
owl:sameAs skos:closeMatch skos:relatedMatch skos:related skos:broadMatch

C0 × × × × ×
C1 × × × ×
C2 ×
C3 ×
C4 ×
C5 ×
C6 ×

sameAs

broadMatch

related

Initial KG C0 C1
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(a) C0 (max = 17, 568)
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(b) C1 (max = 16, 961)
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(c) C2 (max = 183)
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(d) C3 (max = 69)
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(e) C4 (max = 892)
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(f) C5 (max = 16, 942)
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(g) C6 (max = 2, 501)



Applying inference rules associated with domain knowledge

Graph Before After
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G5 All transformations from G1 to G4
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Computation of gold clusters
+ Application of inference rules



Approach outline

Embedding space
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Computation of gold clusters
+ Application of inference rules

GCNs 
+ SNN Loss

+ Gold cluster labels

Transformed knowledge graph
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