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Evolution of the …Human Intelligence

Australopithecus (~3.5 million years ago) — very stooped posture, distant ancestor
Homo erectus (~1.8 Ma) — semi-upright, holding a chipped stone tool
Hunter-gatherer (~300,000 years ago) — fully upright, armed with a spear
Farmer (~10,000 years) — farming stick, rudimentary clothing
Industrial worker (~250 years) — worker’s cap, turnkey
Homo digitalis (today) — glued to their smartphone, wearing an AI badge
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AI: Data, Information, Knowledge, ...Wisdom

Données, Information, Connaissances, ...SagesseLe modèle DIKW:

22

22°C

Si T>39°C

Fièvre
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AI: Data, Information, Knowledge, ...Wisdom
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IA: Data, Information, Knowledge, ...Wisdom

Source: Weber et al. Finding the missing link for 
big biomedical data. JAMA 2014;311:2479–80

 The tapestry of potentially high-value information sources that may be linked to an 
individual for use in health care
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Overall Workflow for Applying Knowledge Graphs

Extract – Transform - Load

Sources
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Agenda

 Drug Discovery: Repositioning of Molecules

 Repurposing non-pharmacological interventions

 Environmental Health and Exposure Characterization
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● Drug discovery is a costly 
process both financially and in 
terms of time

● Bringing a new drug to market takes 
10 to 15 years or more ~2 billion € for 
a treatment

● 3 phases for the process and 1 phase 
for post-market surveillance

● Drug repositioning (DR) is a 
promising alternative

1. Finding new uses for existing drugs

2. With Covid-19, we observe that this avenue has been 
exploited

3. Emblematic example: Sildenafil (anti hypertension) 
repositioned against sexual disorders (Viagra)

Drug Discovery and AI
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Drug Discovery/Repositioning and AI
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Drug Repositioning (DR) and AI

Halicine

Thalidomide
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Leverage: Symbolic AI – Ontology - Knowledge Graph

Knowledge graphs are symbolic and discrete
Difficult for machines to process directly.

Embeddings capture semantic relationships 
Similar entities/relations have closer vectors.

Enables machine learning 
Use embeddings as features for tasks like link 

prediction, node classification, etc.

Why Embeddings?

Models

 TransE (2013)
 TransH (2014)
 DistMult (2014)
 ComplEx (2016)
 ConvE (2018)
 ...
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Knowledge Graphs-based approach to DR

Consortium, T. U. (2022), UniProt: the Universal Protein Knowledge base in 2023.
Knox, C., et al., (2010), Drugbank 3.0: a comprehensive resource for ‘omics’ research on drugs.
Whirl-Carrillo, M., et al., (2021), An evidence-based framework for evaluating pharmacogenomics knowledge for personalized medicine.

Biology     Chemical Pharmacology

Information
Diseases

Information
Drugs

 Heterogenous Information

 Multiple Knowledge Bases
 Collecting and storage of data
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Oregano: turning Link Prediction into Drug- Target 
relations detection

The more we integrate drug 
related information, better we will 
be able to discover relevant link 

between drugs and targets

==> Design a holistic knowledge 
graph about drugs and related 
information, including natural 
products

==> Plant: ~ 30% of marketed drug

Marina Boudin           Martin Drancé

Main Hypothesis
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Oregano: Datasets and ETL Workflow
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Oregano: The resulting Knowledge Graph

https://gitub.u-bordeaux.fr/erias/oregano
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Graph Embeddings: From graph to vector and prediction

Source: https://neo4j.com

Lookup layer (simply assigns an embedding to each node and 
edge type of the graph)

Scoring layer interacting with a loss function 
Negatives generation
Optimization to train embeddings, which are used by the above 

scoring function to predict new links (the downstream task)
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Explainability: Justification of generated hypotheses

 Works in a similar way to text processing :
 Token by token sequence generation

 Faster than reinforcement learning, 
 can be parallelized

Bai, Y., et al., (2022), SQUIRE : A sequence-to-sequence framework for multi-hop knowledge graph reasoning.

How to provide justification for the 
Provided results?

Triplets Classification

Query

Sequence

Query                         Sequence
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...

1. Selecting positive triplets 

2. Generating negative triplets

3. Selecting common neighbors

4. Features = Number of common
1.  neighbors for each type

5. Training the Random Forest

Random Forest 
based learning

Explainability: Overall Approach
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 PageRank allocates an importance score 
 to each node

 The most important nodes are ketp as 
 features

Page, L., Brin, et al., (1999), The PageRank Citation Ranking: Bringing order to the web.

Explainability: Overall Approach

PageRank algorithm for features 
generation

Disease

Drug



22 66

 Precision : The model's ability to distinguish between true and false triplets

 Recall : Ability of the model to find all true triplets

Explainability: Evaluation

A comprehensive large scale biomedical 
knowledge graph for AI powered data driven 
biomedical research
Yuan Zhang, Xin Sui, Feng Pan, Kaixian Yu, Keqiao Li, View ORCID ProfileShubo Tian, Arslan Erdengasileng, Qing Han, Wanjing 
Wang, Jianan Wang, Jian Wang, Donghu Sun, Henry Chung, Jun Zhou, Eric Zhou, Ben Lee, Peili Zhang, View ORCID ProfileXing 
Qiu, Tingting Zhao, Jinfeng Zhang doi: https://doi.org/10.1101/2023.10.13.562216

HetionetOregano

BioKG
Systematic integration of biomedical knowledge prioritizes 
drugs for repurposing. Himmelstein DS, Lizee A, Hessler 
C, Brueggeman L, Chen SL, Hadley D, Green A, 
Khankhanian P, Baranzini SE. ELife (2017) DOI: 10.7554/e
life.26726 

http://orcid.org/0000-0001-6415-1439
http://orcid.org/0000-0002-2330-3544
https://doi.org/10.7554/elife.26726
https://doi.org/10.7554/elife.26726
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 Precision / Recall curve on BioKG :

 Precision : The model's ability to distinguish between true and false triplets

 Recall : Ability of the model to find all true triplets

 Precision on Oregano : 0,832

 Precision on Hetionet : 0,923

 Precision on BioKG : 0,999

Explainability: Evaluation



24 66

 Collaboration with Pr. Cyril Goizet

 12 Drugs proposed for ALS

 ALS : 1600 new cases each year
 No any curative treatment

 Common results on Oregano and BioKG

 Metformine on phase 2 clinical trial

Drugs Diseases

Results for ALS

Explainability: the ALS use case

Amyotrophic lateral sclerosis 

Diabetes

Cholesterol

Paliperidone

Pain, Fever

Schizophrenia
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Explainability: the ALS use case

is affecting
treats

treats

is affecting

causes condition

causes condition

product of

acts within

acts within

acts within

acts within

acts within

causes condition

 Nighbors used by the model to link ALS to Metformine and Rosiglitazone 

Pathway

Protein

Disease

Drug

Gene
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Take Home Message
 Highlights

 Improving of triple classification methods for the task of DR 
 using only the neighborhood information of nodes in a KG
 The first approach to test the performance of an RF classifier
  on these KGs for DR, without any external information or 
 KG embedding methods
 High performance compared to SOTA, high Accuracy and Speed
 Fully Transparent and Explainable results

 Limitations and Future Work

 Handling sparse KGs ==> uninformative explanations
 Taking into account the availability of new knowledge
 Deep clinical evaluation of the results

 More information: 
https://gitub.u-bordeaux.fr/erias/oregano
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Agenda

 Drug Discovery: Repositioning of Molecules

 Repurposing non-pharmacological interventions

 Environmental Health and Exposure Characterization
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Repositioning non-Pharmacological 
Interventions: Alzheimer Disease Prevention
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The Alzheimer Disease Prevention Use Case
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The Alzheimer Disease Prevention Use Case

SemMedDB 

Repository of semantic 
triples extracted from 

PubMed abstracts and 
titles using the 

SemRep program

Comprises 56,635 nodes 
and 595,222 directed 
edges, including 2928 
DS-specific nodes and 

164,738 edges

SuppKG
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The Alzheimer Disease Prevention Use Case
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The Alzheimer Disease Use Case
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Agenda

 Drug Discovery: Repositioning of Molecules

 Repurposing non-pharmacological interventions

 Environmental Health and Exposure Characterization



Evidence from the literature

Sources of PM2.5
Anthropogenic activities such as open solid (household 
and agricultural) waste burning and emissions from 
vehicles

Ghana Environmental Protection Agency estimates that 
about 2800 deaths annually in the Greater Accra 
Metropolitan Area (GAMA) can be attributed to PM2.5 
pollution



WHO References About Pollutants (Air, Cov)

Source: Site Santé Publique France



Heterogenous data as an opportunity to rely on 
AI-based approaches to solve health issues

Source:10.1016/B978-0-12-814827-3.00012-8

http://dx.doi.org/10.1016/B978-0-12-814827-3.00012-8
http://dx.doi.org/10.1016/B978-0-12-814827-3.00012-8


Heterogenous data as an opportunity to rely on 
AI-based approaches 
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PM2.5 Data From a Low-Cost Sensor



Various topics addressed on air pollution & health 
using AI



The ONtario Population Health and Environment 
Cohort (ONPHEC)

A large, retrospective cohort in the province of Ontario Canada 
(population of 10.8 million in 1996), created in 2014

Inclusion criteria: Canadian-born population of Ontario who were 35 years 
or older in 1996 (∼4.9 million)

Objective: to investigate the independent and combined effects of 
environmental stressors (such as air pollution, traffic-related noise) on the 
incidence of chronic diseases and their interactions with ‘healthy’ 
environmental factors (e.g. green areas)

Specific objectives

● to determine the effects of environmental exposures on the long-term 
survival of adults with selected chronic diseases;

to quantify the burden of disease from adverse environmental factors;

to evaluate the impacts of changes in environmental exposure on disease 
risk such as moving to less polluted neighbourhoods or vice versa;

to identify population subgroups who are most susceptible to the effects 
and who are disproportionately exposed to environmental stressors

●

●

●

Examples of studies and findings:

● Among 62 012 adults (population-based health surveys between 1996 and 2011), for 
every 10-µg/m3 increase in exposure to PM2.5, the incidence of diabetes increased 
by 11% [95% confidence interval (CI): 2-21%)

● every 10-µg/m3 increase in exposure to PM2.5 was associated with a 22% increase in 
risk of non-accidental deaths, 43% increase in deaths from ischaemic heart disease 
and 64% increase in AMI-related deaths

Chen H, Kwong JC, Copes R, Villeneuve PJ, Goldberg MS, Ally SL, Weichenthal S, van Donkelaar A, Jerrett M, Martin RV, Brook JR, Kopp A, Burnett RT. Cohort Profile: The 
ONtario Population Health and Environment Cohort (ONPHEC). Int J Epidemiol. 2017 Apr 1;46(2):405-405j. doi: 10.1093/ije/dyw030.



Graphs-based air quality data analysis and 
possible impacts on health

Context

A study of U. Waterloo in 
Mongolia

●

A real-time monitoring platform
An early warning tool

●



The PANORAMA Use Case

Karmali, N., Mamam, A., Diallo, G. (2026). Outdoor Air Quality and Health Impact: The PANORAMA Knowledge Graph Based Approach. In: 
Nguyen, N.T., et al. Computational Collective Intelligence. ICCCI 2025. Lecture Notes in Computer Science(), vol 16139. Springer, Cham. 

https://doi.org/10.1007/978-3-032-09321-9_3



The PANORAMA Use Case

Dataset



Copernicus Data and Information Access Services 
(DIAS)

https://atmosphere.copernicus.eu/data



Ground Sensors Measurement: ATMO example

httpsnouvelleaquitaine.org://www.atmo-://www.atmo-

Fédération des Associations agréées 
de surveillance de la qualité de l'air

https://www.atmo-france.org/article/laasqa-de-votre-region

http://www.atmo-nouvelleaquitaine.org/
http://www.atmo-nouvelleaquitaine.org/
http://www.atmo-nouvelleaquitaine.org/


Ground Sensors Measurement: ATMO example

Source: M Thibault, X. Wan (Web-based data TU, PHDS)



Health Data: SAMU Calls

XXXXXXXXX 

XXXXXXXXX 

XXXXXXXXX 

XXXXXXXXX



Graph-based learning and prediction

Prediction: mayBeAssociated

Approach



Panorama: Graph-based Learning and Prediction

Question/Design

Extract & Transform

Load

Embeddings and Analysis



Panorama: Graph-based Learning and Prediction

ATMO CAMS

Variables: measure, unit, pollutant, 
date, location, value

Variables: latitude, longitude, 
pollutant, date, value

SUDF

Variables: date, sex, age, ID, location, diagnosis, 
suspected diagnosis (ICD Code and longer 
diagnosis), reason

Atmo – Ground sensor air 
quality data in Gironde, France

SAMU Urgences de France - 
first emergency help data in 

Gironde, France

Copernicus – European 
Union satellite air quality data



Panorama: Graph-based Learning and Prediction

ENTITY NORMALIZATION



Panorama: Graph-based Learning and Prediction

2. Transform it RDF language via Turtle syntax
3. Load into Blazegraph graph database

ETL EXTRACT
The integration process follows the Extract, Transform and Load (ETL)principle:

1. Extract the data from knowledge sources

Creating a Uniform Resource 
Identifier ( URI ): a string of 
characters that uniquely identifies each 
tuple

Hashing: assigning a fixed sized integer 
that identifies a particular location 
according to INSEE RDF Vocabulary

Assigning nodes to 
namespaces: According to 
INSEE and ICD Vocabulary

Adding nodes and triples: 
assigning nodes and integrating 
interactions



Panorama: Graph-based Learning and Prediction

rdflib 6.1.1

1. Extract the data from 
knowledge sources

2. Transform it into 
RDF language via 
Turtle syntax

3. Load into Blazegraph 
graph database

ETL – 
TRANSFORM



Panorama: Graph-based Learning and Prediction

Blazegraph is an open 
source

Triplestore and graph 
database for storing and 
querying linked data

Supports RDF/SPARQL APIs

SPARQL: to query 
information

from data mapped to RDF

1. Wrappers extract the data from 
knowledge sources

2. Transform it into RDF language via 
Turtle syntax

3. Load into Blazegraph graph 
database

ETL – 
LOAD



Panorama: Graph-based Learning and Prediction

Maps entities and relations 
from a KG into a low- 
dimensional and 

continuous vector 
space, on which other 

operations can be 
conducted

Goal: encode nodes so 
that similarities in 
the original graph

network are 
approximated by 
similarities in the 
embedding space

𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 ( 𝑢 , 𝑣) ≈ 𝒛𝑻         𝒛
 𝒗 𝒖

Similarity in the original network        Similarity of the embedding

MACHINE 
LEARNING 

TASKS
& 

INDUCTIVE 
REASONING



Panorama: Knowledge Graph Embeddings

Lookup layer (simply assigns an embedding to each node and edge type of the graph)
Scoring layer interacting with a loss function Negatives generation
Optimization to train embeddings, which are used by the above scoring function to 
predict new links (the downstream task)



Panorama: Knowledge Graph Embeddings

Negative triples generated by triples corruption of a known positive triple made of head ,
relation , and tail

OWA: all external triples 
are unknown (underfits)

CWA: all external triples 
are negative (overfits)

LCWA: KG is locally 
complete; corrupted triples 

serve as negatives

Corrupt heads Measurement 1234; fromLocation; Bordeaux

Corrupt 
relations

Measurement 9999; hasPollutant; Bordeaux

Corrupt tails Measurement 9999; fromLocation; Merignac

Measurement 9999 BordeauxfromLocation

NEGATIVES GENERATION



Panorama: Knowledge Graph Embeddings

Bordeaux PM2.5

hasPollutant

ORIGINAL KG

Measurement 
9999

fromLocation

Bordeaux

fromLocation

PM2.5

hasPollutant

TEST KG
Measurement 

9999

Main task used to evaluate KGEMs
 Remove random set of links and aim to 

predict them
 Employs a learning-to-rank 

problem: how well positive triples rank 
against negatives.

Uses information retrieval metrics such as:

Mean Rank: the arithmetic mean over all individual 
ranks

Mean Reciprocal Rank: takes the reciprocal of the 
rank to guarantee robustness against outliers

Hits@K: fraction of positive facts that appear in the 
first k triples of the sorted rank list

LINK PREDICTION



PANORAMA Knowledge Graph

Location within the Gironde
department and dates between January 1, 2017, 
and December 31, 2019.

Two pre-defined acquired from RDF Vocabulary: 
rdf:type, and rdfs:label, instances of rdf:Property.

11 custom relations were defined:
hasValue, hasDate, hasUnit, hasPollutant, fromLocation, 
hasReason,
isSex, isAge, hasCondition, hasICDCode, hasDiagnosis.

Panorama: Results

Results



Panorama: Some Results

Hyper-parameters: embedding size: 50, batch size: 128

The RotateE model provides the best performance for the prediction

Particulate 
Matter mayBeAssociated

(D052638) 

Limitations of the study: cordinate precision disparities between data sources (e.g., 
CAMS versus Atmo sensors; lacks information on indoor pollutant exposure and
exposure duration

PyKEEN
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Panorama: Some Results

Prediction of tail: head= Particulate Matter (D052638) ; relation= MayHaveParticipant

CATSHL syndrom

Ventricular Premature 
Complexes

Protein Aggregation 
Pathological

Glaucoma

Copper-Overload Cirrhosis

Skin Abnormalities

Gastritis Atrophic

Osteogenesis Imperfecta, Type 
IV

Thrombocythemia, Essential

Leukemia, Myeloid

Particulate Matter
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Limitations of the Study

● The location is used as a proxy

–

– The integrated data related to pollutant have different granularity: CAMS Vs 

SUDF

Missing data points due to sensors failure

●
Ambiguity among datasets

–

– Health data coded differently (CISP2 Vs ICD10) A need of improving 

the mappings

●
Limited evaluated embeddings and link prediction models
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 Ongoing Work: PhD Thesis Elisa Drouot (CSTB)

Health Data + Buildings Footprints
+ Indoor Environmental Quality, Temporal GNN, French Cohort

==> End-user services

https://ctdbase.org/
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Conclusion

There are opportunities to exploit AI 
techniques/methods to tackle issues related to 
Public Health and Impact of Climate Change

These approaches come with some limitations
– Bias/Data representativity

– Impact on environment of learning algo

Taking benefits from advancements from other 
areas
– Knowledge representation & Learning over 

graphs, Multihop Reasoning, etc.
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