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Worldwide: COVID-19 Confirmed Cases Daily

Daily confirmed COVID-19 cases and deaths,
WOI'ld in Data

Limited testing and challenges in the attribution of cause of death means the cases and
deaths counts may not be accurate.
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Chart of Mortality, Great Plague in London
(1665 to 1666)
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HISTORY OF PANDEMICS

THROUGHOUT HISTORY, as humans
spread across the world, infectious
Antonine Plague 165-180 & * diseases have been a constant
Plague of Justinian 541-542 30-50M . companion. Even in this modern
era, outbreaks are nearly constant.

Japanese Smallpox Epidemic 735-737 i—&

Here are some of history’s most
deadly pandemics, from the
Antonine Plague to COVID-19.

Black Death (Bubonic Plague) 200M
1347-1351

°* Smallpox 56M
4 1520

17th Century Great Plagues 2M i ‘
1600 5 2

18th Century Great Plagues 600K . 1700
1700

1725
1750

1775

Cholera 6 outbreak 1M

1817-1923 1800
The Third Plague 12M 1825
1855
Yellow Fever 100-150K : Spanish Flu 40-50M
LATE 1800s 1875 1918-1919
. ¥ Russian Flu 1M
1889.1890
1800
1925
HIV/AIDS 25-35M
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' 1957-1958 950
Hong Kong Flu 1M
1968-1970
1975

2 2000
Sﬁ%ﬁﬂ? / .. Swine Flu 200K
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How to assess KG’s quality?
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Existing tools for COVID-19 KG’s quality assessment
(Soror Sahri)
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KG Construction
(Farah Benamara)



KG Pipeline

| Knowledge Creation |

e Knowledge acquisition: Extract information from
different sources, structuring it, and creating useful
knowledge

e Knowledge hosting: Collect, store, and retrieve T
semantic annotations 5 melQ

e Knowledge curation: Improve data quality via fssessment )
knowledge assessment, cleaning, and enrichment

| Knowledge Hosting |

e Knowledge deployment: Publish the KG following : [T s | [Gescii]
some principles (e.g., the FAIR and the Linked Data : — gel — — geJ —
Principles) : :

y
I Knowledge Deployment I

The process of building a KG (Fensel et al., 2020)
Knowledge Graphs - Methodology, Tools and Selected Use
Cases



KG Research Topics

- Point-wise - Manifold - Single-fact QA
-Complex - Gaussian < “i Representation Space Natural Language estion Answerin; - Multi-hop
- Discrete s E | ing 2 8 Reasoning
- Distance Dialogue Systems
- Semantic
Matching
_ (;thers | Recommender Systems |
—Linear/Bilinear I Auxiliary Information | Others Applications | ~Ouestion Generation Question Generation
- Factorization - Search Engine
- Neural Nets - Textual - Type - Visual - Medical Appéi\caﬁons
- Mental Healthcare
- Zero-shot Image
Classification
- Text Generation

- Sentiment Analysis

Temporal Embedding

\4

- Recognition
- Typing | Knowledge Graph Completion I
. mg:auon -Neural Nets

————— - Attention - Embedding-based Ranking
-GCN - Path-based Reasoning
-GAN - Rule-based Reasoning Temporal Relational Dependency |
-RL - Meta Relational Learning
- Others - Triple Classification | Temporal Logical Reasoning |

Main research topics on KGs (Ji et al., 2020)

A survey on knowledge graphs: Representation, acquisition and applications



KG Research Topics

- Point-wise - Manifold - Single-fact QA
- C?mplt:x - Gaussian ‘—‘I Representation Space | N:Jt“;al La“glu:ge Question Answering ;{Multi—.hop
- Discre! nderstanding easoning
- Distance Knowledge Knowledge- Dialogue Systems
;v[Semanhc Representation Aware
tchjng . N .
_ (;th - Applications | Recommender Systems |
e P I Auxiliary Information | Others Applications | ~Ouestion Generation Question Generation
- Factorization - Search Engine
- Neural Nets - Textual - Type - Visual - Medical Applications
-CNN - Mental Healthcare
N Transf o -Cﬁsiﬁca‘:itol:\mge
=L ormers A isitie
-GCN ‘ et Temporal - Text Generation
Kawiedge - Sentiment Analysis
= iti A
Rect')gmtlon ' X Temporal Embedding
- Typing | Knowledge Graph Completion I
- Disambiguation
i - Neural Nets R 7
- Alignment
ErrmEs Attention - Embedding-based Ranking Enitiy Dynandes
-GCN - Path-based Reasoning
-GAN - Rule-based Reasoning Temporal Relational Dependency |
-RL - Meta Relational Learning
- Others - Triple Classification | Temporal Logical Reasoning |

Main research topics on KGs (Ji et al., 2020)
A survey on knowledge graphs: Representation, acquisition and applications



KG: Knowledge Acquisition

e Extract triples from either unstructured or semi-structured data
e Triples are then used for:
o Creation and enrichment via extraction/mapping techniques from external sources
m Direct contributions from human editors (crowd-sourcing or collaborative-editing
platforms) = Errors/potential bias: humans are rather employed to verify and
curate KGs
m Textual contents via NLP and IE techniques
o Refinement to complete and correct the KG
m Link discovery (Nentwig et al., 2017): Predict the existence or the probability of
correctness of missing edges
m Knowledge cleaning
e Fact validation (Syed et al., 2019): assign a plausibility score to a given
edge
e Inconsistency repairs (Bonatti et al., 2011): use ontological axioms to
resolve inconsistencies



KG: Knowledge Acquisition

e Extract triples from either unstructured or semi-structured data

MNatural
Language
Documents

Relation
Identification

Entity mention

extraction and linking

(EEL)

Relation
Characterisation

Knowledge
Base
(Relation
Triples)

Relation mention

labelling

How Airbus became Boeing’s greatest rival =
Compete(Airbus, Boeing)
(Airbus, Competitor, Boeing)



Entity Extraction and Linking

Entity vector
Mention-labeled
Textual Context

Context vector

Mention vector

... Scorers: Wales - John
Hartson (12th, 56th and
83rd minutes), Scoftt

... Scorers: Wales - John

Hartson (12th, 56th and g _5 % Young (24th) attendance:
83rd minutes), Scott > = O o|—>\1,800

Young (24th) attendance: s e §

1,800 =3

Textual Context

Ambiguous
Entity Mention

[ "Scott Young" ]—i—>

(American_football)

Entity Disambiguation Model \
i
(" Scott_Young 'Predicted Entity with

® (writer) the Highest Score
© =)
. c o Scott_Young_
o £ | I
T S EE‘ ° ” | (welsh_footballer)
& w § =
(&)

Generation
Model

¢ 2

Scott_Young_
| (Welsh_footballer) |

H AN
Representations s

¢

=~

Candidates

The general architecture of a neural EEL system
Neural Entity Linking: A Survey of Models Based on Deep Learning (Sevgili et al, 2022)



Relation extraction

e ReVerb (Fader et al., 2011) (http://reverb.cs.washington.edu/)
o Binary RE from flat sentences, verb-based relation phrases.
e OLLIE (Mausam et al., 2012) (https://github.com/knowitall/ollie)
o Goes beyond verbal-based relations (nouns, adjectives, and more)
e FRED (Gangemi et al., 2017) (http://wit.istc.cnr.it/stlab-tools/fred/)
o 48 different languages and transform it to linked data
e MinlE (Gashteovski et al, 2017) (https://github.com/uma-pi1/minie)
o Deals with polarity, modality, attribution, and quantities
e OpenlE (Angeli et al., 2015) (https://stanfordnlp.github.io/CoreNLP/openie.html)
o Part of the OpenNLP toolkit, process long sentences

For more tools/ressources on Open Information Extraction (OpenlE), visit:
https://qgithub.com/gkiril/cie-resources



http://reverb.cs.washington.edu/
https://github.com/knowitall/ollie
http://wit.istc.cnr.it/stlab-tools/fred/
https://github.com/uma-pi1/minie
https://stanfordnlp.github.io/CoreNLP/openie.html
https://github.com/gkiril/oie-resources

Relation extraction

e The FRED tool
o Pfizeris investing up to $1 billion for distribution of the COVID drug

@ frediinvest_1 @ fred:dollar_1

ddl:hasDataValue r{l

@ fred:distribution_1 4 dulhasDataValue

f:type qudnt:hasDeterminer quant:hasQuantifier f:type rdf:type

ped:forDistributionOf

fred:drug_1
g_

[@ frednvest | @ fred:Phizer

] [@® fredDollar | [. quant:the | |Q quant:billion | [@ fredDistribution | [ owl:DataTypeProperty

dWith 5:subClassOf owl:equivalentClass

|@ fred:Drug | I. fred:Covid | I@ dul:Event | I@ vn.data:Invest_13042000 | I’ dbpedia:Pfizer I

rdf:type

| @ schemaorg:Organization




Relation extraction

e Stanford OpenlE
o Relations does not need to be specified in advance

vmod
prep-in dObJ

[ = f /

l
H
1
1

nn ‘\X vmod dobj
¥ 74 N/ N

Born in a small town, she took the midnight train going anywhere.

(input)
!

she took the midnight train going anywhere she took the midnight train
Born in a small town, she took the midnight train ~ she took midnight train

Born in a town, she took the midnight train

3

(she; took; midnight train)

prep-in

)

she Born in a small town

(extracted clause)
i
she Born in small town
she Born in a town
she Born in town
d:
(she; born in; small town)
(she; born in; town)



Existing COVID-KG Acquisition Pipelines

=
ReVerb, OLLIE,

Relations

ScispaCy

| | -
| ClauslE, Relink, | | iseAsE, PROTEIN, "
OpenlE |  CHEMICAL, DNA, .
————
Relation Entity Relation
Extraction Recognition Index
CORD-19 Relation Relation Graph Gk
__— Clustering Scoring Construction P i A
I____r/___.l __—A._._—.I'_ ______ = j
| Cluster hierarchy | PMI-derived |1 Linking entities | T—
w/ FINCH & BERT | Informativeness || across papers |
L s A ) ..
Figure 1: System Overview.
argy rel args
[MERS-CoV]ggp include [feverlprseaAsE ; [chills/rigors] prsEASE .
[headache]prseasE , non-productive [cough]lprspaske
[MERS-CoV]ggp 1is responsible lower [respiratory infections] prsEAsE with

for causing [feverlprseask and [coughlprseasEe

CovRelex: A COVID-19 Retrieval System with Relation Extraction (Tran et al. EACL 2021)
https:.//www.jaist.ac.jp/is/labs/nguyen-lab/systems/covrelex/home/



https://www.jaist.ac.jp/is/labs/nguyen-lab/systems/covrelex/home/

Existing COVID-KG Acquisition Pipelines

CORD-19
Corpus

COMB
Ent1 (Relation? | Eniz Py

- T

Query mechanism relations

7| Ent1:deep learning
Ent2: drugs

7| Ent1: heat
Ent2: SARS-CoV-2

7| Ent1:?
Ent2: block viral
binding

7 Ent1: COVID-19
Ent2: prices

Mechanism IE Training + Extraction

Annotation

...deep reinforcement Iearnlng

can be used to learn 3
mitigation policies in
epidemiological models...

Retrieved from CORD 19 papers

...adeep learning framework for design

| of antiviral candidate drugs

Temperature increase can facilitate the
destruction of SARS-COV-2

gpl16 antiserum blocks binding of virions
to cellular receptors

...food price inflation is an
unintended consequence of
COVID-19 containment measures

Span embedder +
FAISS index

Arg1 (stimulator/method/cause...)

deep
learning
framework

Arg2 (activity/objective/effect...)

conditional

de novo design
of antiviral
candidate drugs

KB + Semantic Relation Search

Deep learning

drugs, vaccines

.. We propose a deep learning
framework for conditional de novo
design of antiviral candidate drugs
tailored against given protein targets.

Extracting a Knowledge Base of Mechanisms from COVID-19 Papers (Hope et al. 2020)
https://covidmechanisms.apps.allenai.org/
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Search for COVID-19 classes on BioPortal

e Search URL: https.//bioportal.bioontology.org/search?q=COVID-19
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Medical Dictionary for Regulatory Activities Terminology (MedDRA) & A B
ast uploade: ber 18 1
sumi Properties MNotes Mappings Widgets
Details Metrics €
Acronym MEDDRA Classes T 447
Visibility Public Individuals o
Description MedDRA is an international medical terminology with an emphasis on use for data entry, retrieval, analysis, and display. It applies to Properties 13
all phases of drug development, sxcluding animal toxicology, and to the heslth effects and matfunc fevices. An appendix Ty =
includes concept descriptions which describe how a medical concept is interpreted, used, and dassified within the MedDRA Jasmum;depd
terminology. It is not intended as & medical definition, The concept descriptions are infended to aid the consistent and accursts use Maximurn numiber of children 0
of MedDRA in coding, retrieval, and analysis. e
Average number of children 0
Status Praduction 7
Classes with a single child 0
Format UMLS B
Classes with more than 25 children 0
Contact MedDRA MSSO, mssohelp@r .o
ik MES0. Frohe e Classes with no definition 76219
Categories Health
Gi Cancer Biom: | Informatics Grid, Unified Medical Language Syster iei
roups ancer Biomedical Informatics Grid, Unified Medical Language System Visits &,

License Information The MedDRA ontology is maintained and distributed by the MedDRA M ely accessible on this site for

academic and other non-commercial uses. Users anticipating any commercial use of MedDRA must contact the MSSO to obtain a

license,
Submissions
Version Released Uploaded
1170172021 1111872021
20214 04/03/2021 05/20/2021 Projects using MEDDRA )
202088 11/02/2020 01/06/2021
202084 05/05/2020 09/24/2020
201908 11/04/2019 11/18/2019

or medisinske kv

quality regi

f chemotherapy response
Views of MEDDRA

MedDRA French
This is the Frex

translation of the Medical Dictionary for Re ory Activities (MedDRA).

MedDRA German
This is the German translation of &

| Dictionary for Regulatory Activties (MedDRA)
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COVID-19 Ontologies on BioPortal

- ~ Y T g7 - )
. Coronavirus Infectious Medical chtlon?r.y.for E C(_)V”) 19 note. COVID-19 Vaccines -
COVID-19 Surveillance i Regulatory Activities = Logical Observation -
Disease Ontology . - - MedlinePlus Health
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1:0|C:32|P:0| U:1, 1457 ch 796) p3g1 (MedDRA) N = Codes (LOINC) ﬁ0|c-2 255(P12|
E, OCR ’ Lo e O|CR. ! 1:0]C:76,447|P:13| Exverimental Fact 1:0]C:275,992 | P:141| s ETe
Y, 5 Xperimental Factor A
: U:8, E, TC
’ J \\ JILEFS TC Ontology (EFO) \ J
( \( I:01C:25,706 P:70] /~ COVID-19 Diagnosis - ) } )
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ZonMW COVID-19 (COVID-19) Ontology (MONDO) J Collection and Intelligence Task
(ZONMW-CONTENT) 1:6]C:2,270|P:10| U0, 1:0]C:24,409| P:25] Analysis of COViD-19 Ontology (ITO)
1:273|C:2|P:0|U:0, E OCR U:2, E, BCR ) Data (CODO) 1:50,826| C:9,037|
E, SCR ’ )\ Cell Culture Ontology L '1276!55208’6;2“ ) P:2,012|U:0, E, OCR
\. J (CCONT) LE
; 4 N\ 1:0|C:29,023|P:74
":s;’;’;ﬁj‘f‘gﬁe ) Covid19 Impact on Iu:o £ O|CR ! { COVID-I9VACCINE- ) 7 COVID19Result- ¥
Framework (NIF) Banking Ontology y \;\edter_ar)stHet.alth VODANA-
Standard Ontology (COVID19-1BO) Natigql’:gllsD:i |oFri1Ie COVIDTERMS
(NIFSTD) 1:0] C:159| P:77| U:0, g ARERERERERER & (VODANACOVID)
" bi 1:460| C:161,048 | £ OCR H N\ (VANDF) 541Co2 | PoS | U
uman Disease P:835|Us5, £, OR ) \_ ) E( covip-19 vaccine kBp- 1:0]C:29,633|P:20| 1:54| C:2|P:5| U:0,
Ontology (DOID) = COVID-19 - National \_ U:1,E, TC J U E, SCR )
1:0|C:17,714| P:44| \ 7~ . = Cancer Institute
International N
U:10, E, OCR Homeostasis C‘gssi;?caatliuor;aof Thesaurus (NCIT) ( N
imbalance process Diseases, Version 10 - ':°|CL:}E'6§36|&97| COVID-19 vaccine - B A
ontology (HOIP) Clinical Modification i y Vaccine Ontology (VO) reuses
1:0]C:12,125|P:103 (Icb10Cm) 1:167|C:6,828| P:232 . i
I U0.E O|CR ! 1:0|C:95,970| P:8| U:5, L,_,’ e OICR l I: #Individuals
. - J \ E, TC J COVID-19 Vaccine Y \ - 1 c: #a
7 \ KBP-COVID-19 - Mass . asses
; Spectrometry . 1
Obstet d m—
SNOMED CT Neonatal Ontology Ontology (MS) "~ covib1odenaism -\ | P: #Properties
. . . Gender, Sex, and . . . .
ol C‘Sg’“s‘;“gg’lf - (ONTONEO) 1:141C:174,2291P:212] Sornl Ot U: #Projects using this ontology
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How to measure impact of COVID-19
Ontologies? Number of reuses in ontologies

e High number of reuses in other ontologies
- is a sign for the popularity of the reused ontology and its classes, — let
ontology users stumple over the reused ontology when applying the reusing
ontology, and — makes more reusings more likely

e Resulting Ranking:
1. Class COVID-19 of the Human Disease Ontology (DOID): 6 reuses
2. Class COVID-19 of the Mondo Disease Ontology (MONDO): 2 reuses

3. Class COVID-19 of COVID-19 Surveillance Ontology (COVID19), of Medical
Subject Headings (MESH) and of National Cancer Institute Thesaurus
(NCIT): 1 reuse
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Which ontology to choose for your COVID-
19 application?

e Not all COVID-19 ontologies will survive
- Many ontologies will not maintained any more in the future
» .darkblue[funded project ends — no money any more] for maintenance
= some ontologies are not widely used

e Choose COVID-19 ontology with high impact
- — higher probability for being maintained in the future

- — higher interoperability with other applications
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Which ontology to choose for your COVID-
19 application?

e Not all COVID-19 ontologies will survive
- Many ontologies will not maintained any more in the future
» .darkblue[funded project ends — no money any more] for maintenance
= some ontologies are not widely used

e Choose COVID-19 ontology with high impact
- — higher probability for being maintained in the future

- — higher interoperability with other applications

[How to measure impact of COVID-19 Ontologies?]
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How to measure impact of COVID-19
Ontologies? Number of usages in projects

e Number of usages in projects
- obvious measure for the ontology impact

- in BioPortal is incomplete
= more a sign for a good maintenance of the ontology & motivated ontology
developers and project members pointing out these usages
= remains as a good metric for the ontology impact

e Resulting Ranking:

. 32 projects: SNOMED CT

. 17 projects: NCIT

. 15 projects: MESH

. 11 projects: MedDRA

. 10 projects: DOID

. 8 projects: LOINC

. 5 projects: NIFSTD, EFO, ICD10CM
. 4 projects: MS

. 3 projects: VO

. 2 projects: MONDO, MEDLINEPLUS
. 1 project: COVID-19 Surveillance Ontology, CODO, VANDF

= O Voo NODCUu b WN=

_—
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How to measure impact of COVID-19
Ontologies? Number of direct and indirect
usages in projects

 Number of direct and indirect usages in projects
- direct usage: the usage of a given ontology in projects
- indirect usage: the project usage of an ontology reusing the given ontology

e Resulting Ranking:

1. 32 projects: SNOMED CT
2. 21 projects: NCIT
3. 15 projects: MESH
4.15 projects: DOID
5. 11 projects: MedDRA
6. 8 projects: LOINC
7.7 projects: MONDO
8. 5 projects: NIFSTD, EFO, ICD10CM
9. 4 projects: MS

10. 3 projects: VO

11. 2 projects: MEDLINEPLUS

12. 1 project: COVID-19 Surveillance Ontology, CODO, VANDF
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How to measure impact of COVID-19
Ontologies? Weighted Combinations of
Number of Reuses and Projects

e Both metrics (#reuses and projects) are independent in theory, but
- a high number in using projects often results in an increased number of
reusing ontologies and vice versa in practice
- BioPortal is incomplete — #reuses and projects are sometimes extremely
different

 |dea: Calculating a balanced metric for these extreme cases
- Finding a good balanced metric based on rigorous analysis open challenge
for future work
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How to measure impact of COVID-19
Ontologies? Open Challenges and Future
Work

e Datasets (other than BioPortal) for usages of ontologies and
projects
e Metrics based on other properties
- Searches in ontology search engines
- Number of instances of ontology classes in knowledge graphs
- Number of applications using these ontologies
- Number of accesses to instances of ontologies in applications

e Impact of knowledge graphs and datasets
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Further Reading LEVERAGING ARTIFICIAL

INTELLIGENCE IN

Table of Contents GLOBAL EPIDEMICS

1.
2. Leveraging artificial intelligence and digital tech to help

. Towards an alternative to lockdown: Pandemic manage-

An overview of global epidemics and the challenges faced

citizens, societies, and economies survive and strive
during pandemics

ment leveraging digital technologies and artificial intelli-
gence

. Exploratory study of existing approaches for analyzing
epidemics EL‘:eiteé:rJenwald
. A data science perspective of real-world COVID-19 gsg'r:%‘:gg‘pe
databases
. Preparing with predictions: forecasting epidemics with

artificial intelligence

. The worldwide methods of artificial intelligence for detection and diagnosis of COVID-19
. The role of Al in digital contact tracing

. Covid-19 accelerating the dynamics of Artificial Intelligence disruption

. Use of artificial intelligence in pharmacovigilance for social media network

. System-level knowledge representation for artificial intelligence during pandemics

Le Gruenwald, Sarika Jain, Sven Groppe (Ed.): Leveraging Artificial Intelligence in Global Epidemics, Elsevier, 2021 (4



Analysis of the Impact of COVID-19 Ontologies
The Knowledge Graph Conference (KGC) 2022

QERSIp
P q)’

Sven Groppe, Sanju Tiwari, Farah Benamara, Soror Sahri

COVID-19 KG Open Challenges:
For example: Vague Formulations <- NLP

E484K mutation SubClassO missense mutatio subCIassOﬁ mutation Virus >*c.
Q9
subClassOf TNy B.1.1.7 §vOC 202012/01 C\asso‘ subClassOf IS a
E484K i R *Jabel _Tlabel |abe] suo -
mutation < B11.7 SARS-CoV-2 (@)

of B.1.1.7 subClassOf subClassOf

sourceOf sourceOf

equalTo

ourceOf

url
[3]

url
30.1.21

date
attackRate

Sources and Facts

Some issues of
knowledge graph quality:
- contradictions in (evolving) facts
- checking vague formulations and compare them with other given information

- errors with ambiguity: E484K mutation of B.1.1.7 is a SARS-CoV-2 virus, but reinfection with E484K is only possible for

patients recovered from SARS-CoV-2 virus not mutating E484K (— introduce class “SARS-CoV-2 without E484K mutation”)
[1] https://iamanetwork.com/journals/jamanetworkopen/fullarticle/2774102
[2] https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/959361/Technical Briefing VOC202012-2 Briefing 2.pdf
[3] https://www.ruhr24.de/service/corona-britische-mutation-neue-studie-mutante-virus-toedlicher-sterberate-deutschland-90184403.html

[4] https://www.bmj.com/content/372/bmj.n359
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High Quality Knowledge Graphs from recent English, French and
German Emergent Trends with the example of COVID-19
Main Objectives:

e project starting soon (universities of Paris, Toulouse and Liibeck)

» Generate high-quality Kowledge Graph for emergent English, French

and German trends with the example of COVID-19
- and make the resulting graph publicly available

e Compare the facts extracted from different data sources
- e.g., last year scientific publications, news articles and headlines, social
media like twitter, existing KGs

« identify conflicting assertions as well as complementary ones

 Investigate differences between En/Fr/Ger data sources

» An extensive data analysis & visualization of research findings
based on the time machine

» Evaluate the quality of the KG throughout the process of KG
enrichment and its querying

and the French Na
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High Quality Knowledge Graphs from recent English, French and
German Emergent Trends with the example of COVID-19

M e
Data Capturing &
Checker (WP2)

7 ~N

Extracted Information

Facts, Ontological
Entities/Expressions/Axioms
to be checked

(Facts, Ontological
Entities/Expressions/Axioms)

v

(Facts & Ontology) Qualiy Rules . . .
Reasoner Quality Module Knowledge Injection
Human-in-the-loop (WP4) (Wp3)

External Ontologies & Knowledge Graphs ¢

User Interactions Knowledge Graph _
Spatial Time Machine: Knowledge at some point of

Time (global/national: Fr/Ger/GB/...)
¢ Statistics about Revised & Evolving Knowledge over Time
Legend: Effects of COVID-19 Pandemic and Confinements for:
Data Analysis & Incidence Rates, Economy, Society, Climate Change, ...

Processing .
Sub-Task/Module . . . = Spread of Information
@ Visualization (WPS) [ Analytical Comparisons between different Nations

J
N
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Expected Results

e Data analysis and visualization tools in order to deal with the

following issues:

- extensive statistics about the COVID-19 pandemic especially with focus on
facts evolving over time and differences of knowledge in different nations
like:

» number of contradicting and revised facts,

= number of changes of COVID-19 confinements,

= calculate effects (using machine learning approaches) of COVID-19 pandemic
and confinements for incidence rates, economy, society and climate change.

- a visualization tool for visualizing the results obtained by the statistics
module by:

= an easy-to-use tool, but

= which offers flexible ways for querying the data in order to support
sophisticated analysis,

» with satisfactorily answering queries with consideration of users’ requirements
on data quality as well as the fitness of data to meet those requirements
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Summary - COVID-19 Pandemic

e Statistics
- Health: incidence rates, global health security index

Timeline of discoveries and tech trends

Predictions of incidence rates and other COVID-19 data in time
series

COVID-19 ontologies, knowledge graphs & data sets
- Overview over existing ontologies, knowledge graphs and data sets
- Quality assessment
- Knowledge graph construction

Further reading
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