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Why biomedical Al needs Knowledge

Science

Large amounts of data in

non-standard formats which
need to be converted, interpreted, and
merged into readable formats.

2. Heterogeneous and complex

data which current ML/AI
approaches are processing without
context

3. Lack of explainability
hinders trust
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Trust in Al

* the user successfully comprehends how the model arrives
at an outcome

« the model’s outcomes/workings match the user’s prior
knowledge

Jacovi, Alon, et al. "Formalizing trust in artificial intelligence: Prerequisites, causes and goals of human
trust in Al." Proceedings of the 2021 ACM conference on fairness, accountability, and transparency. 2021.
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Trust In Al

* the user successfully comprehends how the model arrives
at an outcome [ represent a model’s processes

« the model’s outcomes/workings match the user’s prior
knowledge [ evaluation
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What happens when data
IS complex, multi-domain,
heterogeneous,
incomplete, ambiguous?
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Trust in Al for biomedical and clinical

applications

* the user successfully comprehends how the model arrives
at an outcome [ represent a model’s processes

« the model’s outcomes/workings match the user’s prior
knowledge [ evaluation
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Trust in Al for biomedical and clinical

applications

* the user successfully comprehends how the model arrives
at an outcome [J represent a model’s inputs, outputs and
processes

« the model’s outcomes/workings match the user’s prior
knowledge [ evaluation
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Trust in Al for biomedical and clinical

applications

* the user successfully comprehends how the model arrives
at an outcome [J represent a model’s inputs, outputs and
processes

« the model’s outcomes/workings match the user’s prior
knowledge [ represent the scientific context
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Knowledge Science can help mitigate

bias in biomedical Al

Mitigating bias in machine learning for medicine

* ‘ Feedback loop :

Data collection Model Model Authorization — peployment
& data preparation development evaluation (post-authorization)
Report patient Adopt techniques Inspect decision Monitor post-authorization
characteristics from for de-biasing logic through data (e.g., patient
training data explainability characteristics)
Create datasets with Compare against Monitor post-authorization
Evaluate error rates Use interpretable
across different patient models

cohorts
10.1038/s43856-021-00028-w
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Knowledge Science for Trust in

Biomedical Al

Assessing trustworthiness requires data, domain and user
context

Data context: represent data provenance and
transformations/processing

Domain/background knowledge: represent the scientific
context of the data and application

User context: different users will trust based on different
expectations

excellence



Data Context

Augment explanations with the data creation and processing
context

* Provide a rich contextual semantic layer to the underlying
data using domain ontologies and knowledge graphs.

* Preserve uncertainty and highlight potential ambiguity
and incompleteness at the data level
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Data Context is key for trust

25% of the works that developed ML approaches to
diagnose COVID-19 in adults based on chest X-rays and CT
scans used pediatric o B P e
(ages 1-5) pneumonia = 4
Images as control.

10.1016/j.rxeng.2020.11.0

Roberts, Michael, et al. "Common pitfalls and recommendations for using machine learning to detect and prognosticate for
COVID-19 using chest radiographs and CT scans." Nature Machine Intelligence 3.3 (2021): 199-217.
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https://doi.org/10.1016/j.cell.2018.02.010
https://doi.org/10.1016/j.cell.2018.02.010
https://www.elsevier.es/en-revista-radiologia-english-edition--419-articulo-radiologic-diagnosis-patients-with-covid-19-S2173510721000033
https://www.elsevier.es/en-revista-radiologia-english-edition--419-articulo-radiologic-diagnosis-patients-with-covid-19-S2173510721000033

Domain Knowledge Context

Contextualize an explanation within existing knowledge
 Include prior knowledge through links to ontologies

* Enrich the contextual semantic layer with links and
relations across domains of knowledge
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Domain Knowledge Context is key for

trust

Term 1 Term 2 Similarity
Gingiva Gum 0.98
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Domain Knowledge Context is key for

trust
Term 1 Term 2 Similarity
Gingiva Gum 0.98
Anatomical Chemical
Part Substance
AN /’

<Gingiva><ﬁb< Gum >
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User Context

Trusting an Al outcome depends on the user context: task,
prior knowledge, expectation, etc.

Protein A and Protein B
are very similar because
they perform the same
molecular function!

Protein A and Protein B
are not similar at all since
they are involved in
unrelated diseases...

Biochemist Clinician
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Ontologies, Knowledge
Graphs and FAIR data
principles can support
data, domain and user
context.
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NextGen Biomedical Al requires

integration of complex and diverse data

‘ Environmental
‘ Clinical
Phenotype

and Disease
Anatomy

Cellular

Molecular




NextGen Biomedical Al requires
integration of complex and diverse data

* 100s of very large files per patient covering genome
seguence, mutations, transcriptome, clinical, etc.

preferred_name="tobac
preferred name= ) ng r " display order="4
preferred_name="t co_ K ar_stc " display order="49" cde=
preferred_name K s_smoked” display order:
preferred_name=' E 2 : display order="55" ) xsd_ver="2.
preferred name= & e 2 vant” display order="54" " )4 xsd_ver=
preferred_name X) outcome first course" display order=

797" rdo var-"2 d
# gene-model: GENCODE v36
gene_id gene_name gene type unstranded stranded first stranded second tpm unstranded fpkm unstrg
cde:y ynmapped 2748585 2748585 2748585
N_multimapping 7662339 7662339 7662339
precision="day" xsd_ver="2.2" tier="1" cde="3392464" own¢N_noFeature 7332122 43044421 43032054
N_ambiguous 8610971 1995382 1992134
2 ENSG00000000003 . TSPAN6 pr‘oteinicoding 7548 3826 3722 80.6148 25.2945 27.6205
ENSG00000000005 . TNMD pr‘oteinicoding 1 %} 1 0.0328 0.0103 0.0112
""ENSGBBBBGBBGAlQ. DPM1 pr‘oteiniccding 2270 1092 1178 91.1118 28.5882 31.2170
ENSG00000000457 . SCYL3 pr‘oteinicoding 620 607 584 4.3638 1.3692 1.4952
ENSGO0000000460.17 Clorfll2  protein coding 389 464 513 3.1567 ©.9905 1.0816
" ENSGO0000000938.13 FGR protein_coding 161 78 83 2.3063 0.7236 0.7902
. ENSGO0OOOO00971.16 CFH protein coding 3963 1982 1981  24.0590 7.5490 8.2432
ENSGOO0000O1036.14 FUCA2  protein coding 6771 5059 5008  116.2389  36.4723 39.8262
ENSGOO0000O1084.13 GCLC  protein coding 4212 2568 2478  23.6776 7.4293 8.1125
preferred_name="n 1 e\ "adiation tx" display order="72" cde="34276ENSG00000001167. NFYA  protein coding 5904 3361 3238  75.0522 23.5491 25.7146
preferred name= ! t pharmaceutical tx" display order="73" (ENSG0@000001460.18 STPGL protein coding 732 367 393 4.1666 1.3074 1.4276
ENSGOO0000O1461.17 NIPAL3 protein coding 2132 1063 1098  10.9926 3.4491 3.7663
pNA Change Type Consequences # Affected Cases in Cohort # Affected Cases ACross  ensceoe0e001497.18 LASIL protein_coding 4918 2501 2422  18.9770 5.9544 6.5020
2 - - - o ENSGOO0OO0O1561.7 ENPPA  protein coding 3211 1598 1615  33.4968 10.5103 11.4768
chr12:g.57104752A>G Substitution Missense STAT6 C355R 1/ 1,100.00% 1 / 12 968 Eiseneis s et b Emtei”:mding e e s
chr17:g.58415526T>C Substitution Missense RNF43 M18V 1 / 1,100.00% 1 / 12 968 VEP  ENSGee00001626.16 CFTR  protein coding 38 24 22 0.1852 ©.0581 0.0634
s - & - ENSGOO000001629.10 ANKIBL protein coding 5627 2812 2821  36.8933 11.5760 12.6405
chr7:g.86839562T>C Substitution Missense GRM3-E6831F A 8/015100. 004 T/ 1206 BRRVERIN = ool o8 Emtein;oding e el e e
chrX:g.71245386T>C Substitution Missense ZMYM3 N989S 1/ 1,100.00% 1/ 12 968 i CNisGe000a0e1631.16 | KRIT1  protein coding 521 257,268 4.6684 1.2765 1.3939
- - - 0o, ENSG00000002016 . RAD52 r‘oteinicodin 2162 1075 1089 23.2600 7.2983 7.9694
Chl"17lg.76748946>/\ Substitution StOp Gained TP53 R213* 1 / 1’189'00A 89 / 12 968-- ENSG00000002079 . MYH16 ir‘ans(ribediuiitaryipseudogene 44 26 34 0.3380 0.1060 ©.1158
chr1:g.179121821A>G Substitution Missense ABL2 V245A 1 / 1,100.00% 1 / 12 968 VEP[J ENSGo0000002330.14 BAD Pmtein}?dingd_753 1524 1583 21.3581 6.7015 7.3178
chrs:g.24488109_24488110insT  Insertion Frameshift CDH10 E641Rfs*18 1 / 1,100.00% [Mlivccommonorsss 50 o rotein codine a00n 1956 2008  am.otrs 1o.s100 19,9000

chri2:g.58880858C>T Substitution Synonymous LRIG3 Q508= 1 / 1,100.00% 1 / 12 968 ENSGO0000002586.20 PAR Y ~ (D99  protein coding @ © © ©.0000 0.0000 ©.0000
chr15:g.74623108C>T Substitution  Missense PML R295C 1 / 1,100.00% 1 / 12 968 VEPIM ovcommsonnt o rocr . rotein cotint Dk e

chrx:g.130039160A>G Substitution Missense BCORL1 N1499S 1 / 1,100.00% 1/ 12 968 ENSG00000002745.13 WNT16  protein coding 2 GLRED Bhdis GLGha
ENSGO0000002746. 15 protein_coding 63 151 0.9178 0.2880 0.3145
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What happens when data
IS complex, multi-domain,
heterogeneous,
incomplete, ambiguous?
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One ontology is not enough

Level Ontology Scope
Molecular ChEBI Small biomolecules
ATC Active ingredients of drugs
GO Protein function
. Cellular CL Cell types
SyStemS B|O|Ogy’ CLO Cell lines
SyStemS Medicine and Anatomy UBERON General anatomy
Personalized Medicine FMA Human anatomy
require holistic Phenotype and Disease HPO Human phenotypes
representations DO Human diseases
ICD Human diseases
Clinical UMLS Biomedical and clinical aspects
SNOMED-CT Clinical aspects
LOINC Laboratory findings
Environmental ENVO Environmental factors
Large-scope KEGG Biological systems
Research SBO Systems biology
OBI Biomedical investigation

JD Ferreira, DC Teixeira, C Pesquita. Biomedical Ontologies: Coverage, Access and Use. 2020 Systems Medicine Integrative, Qualitative and Computational
Approaches, Academic Press, Elsevier
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What do we need to create holistic
representations?

Cover multiple Ensure rich semantic Provide high quality
domains integration alignments

Align multiple ontologies Related but not equal Support human interaction
domains

Visualizing the context of a
Scalability Complex relations involving mapping
more than one ontology
Balancing cognitive
overload and
informativeness

MC Silva, D Faria, and C Pesquita. Integrating knowledge graphs for explainable artificial intelligence in biomedicine. Ontology Matching workshop 2021

F .on . Fundagio
‘ C'?"c'os ‘ I para a Ciéncia
ULisboa e a Tecnologia

rrrrr

excellence



Rethinking biomedical ontology
alignment

Cover multiple Ensure rich semantic Provide high quality
domains integration alignments

Pairwise ontology Simple equivalence User
alignment ontology alignment validation
Holistic ontology Complex ontology Human-in-the-loop
alignment of multiple alignment Interactive Alignment
ontologies

MC Silva, D Faria, and C Pesquita. Integrating knowledge graphs for explainable artificial intelligence in biomedicine. Ontology Matching workshop 2021
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Holistic Matching with clustering and incremental

matching

Can we ensure the scalability of matching tasks with many
ontologies?

Anchoring Clustering Incremental Matching Merging

Lexical
Matcher
Direct ; Final
n ontologies =@ R Asharng ké?ﬂé?é?é’y '3’2%?? Ir(\th;;Iaot?gn Infagrated
W alignments Graph
A

Reused
entities

within-cluster
loop

= Ontology
Integration
A i

Create
semantic
affintiy
matrix

Sort by
semantic
affintiy

Spectral
Clustering

heatmaps .
select the
number of
clusters k

Silva, M.C., Faria, D. & Pesquita, C. (2022). Matching Multiple Ontologies to Build a Knowledge Graph for Personalized Medicine. ESWC2022 (accepted)
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Holistic Matching (CIA) runs in half the time, ensures

high recall within similar domains and high precision
across domains

10
acgtmo
atc = .
ectoo H N HSEE E N Strategy Total Mappings
chebi
clo
cmf)l AN B B BEE - [ | 0.8 GPA 554547
dcm
d:; = .J E. : E ﬁ CPA+anchoring 442649
5 ma = B as CIA+anchoring 417131
5 geno
S e =
o hcpes
g hgnc I [ |
3 hp | | 0.4
icdo |
loinc
mondo [ [ . .
nee B Runtime (hh:mm) Alignment
omim [ 02 Strategy  Load Match Total Mappings Tasks
opmi
‘e GPA 1147 1951 31:37 554547 378
e o  Anchoring 11:47 01:59 13:46 427300 378
eSS EEE88E B LR EHER CPA 02:25 07:42 10:07 219021 117
. g CIA 01:05 01:05  02:10 193503 24
Target Ontology =

GPA: global pairwise alignment. CPA: within-cluster pairwise alignment.
CIA: within cluster incremental alignment.

Silva, M.C., Faria, D. & Pesquita, C. (2022). Matching Multiple Ontologies to Build a Knowledge Graph for Personalized Medicine.
ESWC2022 (accepted)
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Compound Matching for ontology triples

Can we find mappings involving multiple ontologies using
lexical approaches and search space pruning?

HP:0001650 FMA:3734 MP-CL-PATO 47.1% (17.6%)
aortic stenosis | g aorta

Filter unmapped source classes MP-NBO-PATO 70.4% (20.7%)
Remove mapped words from class labels.
Step 2

- - P e

HP:0001650 § . PATO:00.01847

(...) stenosis constricted HP-FMA-PATO 81.5% (44.1%)
Selection of best scoring mappings

Oliveira, D., & Pesquita, C. (2018). Improving the interoperability of biomedical ontologies with compound alignments. J. Biomedical Semantics.
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Supporting contextualized ontology alignment

validation

~ VOWLMAP

Version: --

Author(s): —-

female reprodu...

female reprodu._
Part of ‘

ovary capsule
Language: undefined v
= :'. 7
Subclassof B 08835 Source Ontology: http://mouse.owl
,//
ovary follicle ) Subciass ot / Target Ontology: http://human.owl
Part of / Ovarian_Capsule ©
\\\ \
2 S
2 < ’ .
e / » Description
~ /
/
/
» Metadata
ovary theca ———— Patof —— /
part of
(wansive) <
/ » Statistics
Part of / 2
/ Subclass of
_ == 2 V Selection Details
ovary geminal.... 7 ; : < Ovarian_Tissue
/ Subclass of g e
Subclass of e = Name: mapping
/ i IRI: http://mouse_human.owl#mapping
st Source: Ovary
zona pellucida S, | f =
5 Subicleaxol Synonyms: ies, Ovary, Genital System, Female,
N
it of
s ' inve) glands containing the ova
Subflass of Subclass of \\ stroma is a vascular connec

surrounding this stroma i
stroma called the tunica albuginea.

Target: ovary
Score:  0.8836

Status: correct

https://github.com/liseda-lab/\VOWI Map

== EIED

Neighborhood ¢ =Alignment « Export V Filter & Options r Modes ¢ Reset Il Pause @ About
Guerreiro, A., Faria, D. & Pesquita, C. (2021) VOWLMap: Graph-based Ontology Alignment Visualization and Editing. VOILA workshop (ISWC 2021)
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https://github.com/liseda-lab/VOWLMap

Trustworthy biomedical Al
requires trustworthy data.
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Explainable Al for Personalized

Oncolog

&

Building a precise
personalised medicine
system empowered by

trusted and explainable
Artificial Intelligence
(A1)

Renal Cancer d

T-Cell Tumour
Predicting responses
of kidney cancer to

Clinical, biological & molecular
exams in hospital \‘
__ pd
a—

Predicts targeted therapies
Suggests
Explains
—
i o
Selecting the best ® Enriching histological
treatment for every images with data and

patient meta data about

patients

Predicting responses
to immunotherapies
that prompt the
immune system
to fight against
cancer

Knowledge Graph, Data Lake and
Artifical Intelligence based on public omics,
histological data and biological knowledge

katy-project.eu
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Is this Data Trustworthy?

preferred_name="tobac
preferred name=
preferred_name="t
preferred_name
preferred_name='
preferred name= &
preferred_name

' display_order="4
" display order="49" cde=
Si " display_order
display order="55"
sant” display_order=
course" display order=

S smo
xsd_ver="2.
xsd_ver=
797" rdo uar-"2 4
# gene-model: GENCODE v36
gene_id gene_name gene_type unstranded
cde:y ynmapped 2748585 2748585 2748585
N_multimapping 7662339 7662339 7662339
" own¢N_noFeature 7332122 43044421 43032054
N_ambiguous 8610971 1995382 1992134
5+ ENSG00000000003 . TSPAN6 protein_coding 7548 3826
ENSGO0000000005 . TNMD protein_coding 1 © 1 0.0328 0.0103 0.0112
/4 ENSGO000000419 . DPM1 protein_coding 2270 1092 1178 91.1118 28.5882 31.2170
ENSGO0000000457 . SCYL3  protein_coding 620 607 584 4.3638 1.3692 1.4952
ENSG00000000460 . Clorf112 protein_coding 389 464 513 3.1567 ©.9905 1.0816
"¢ ENSG00000000938 . FGR protein_coding 161 78 83 2.3063 ©.7236 ©.7902
« ENSG00000000971. CFH protein_coding 3963 1982 1981 24.0590 7.5490 8.2432
ENSG00000001036 . FUCA2 protein coding 6771 5059 5008 116.2389 36.4723 39.8262
ENSG00000001084 . GCLC protein coding 4212 2568 2478 23.6776 7.4293 8.1125
>~ ENSG00000001167 . NFYA protein_coding 5904 3361 3238 75.0522 23.5491 25.7146

itcome_first

stranded_first stranded_second tpm unstranded fpkm unstrg

preferred_name=" ' display order="57"

precision="day" xsd_ver="2.2" tier="1" cde="33924¢

S i 3722 80.6148 25.2945 27.6205
preferred_name= vent_surgery
precision="

display ordel
" tier="2" cde="34¢

' xsd_ver=

preferred_name="n display order="72" cde="3427

pnA change Type

chr12:g.57104752A>G

preferred name=

Consequences
Substitution

pharmaceutical tx" display order="73"

# Affected Cases in Cohort # Affected Cases Across
Missense STAT6 C355R

1/ 1,100.00% 1/ 12 968

Substitution
Substitution

chr17:g.58415526T>C
chr7:g.86839562T>C
chrX:g.71245386T>C Substitution
chr17:g.7674894G>A Substitution

Missense RNF43 M18V 1 /
Missense GRM3 I683T 1 /

Missense ZMYM3 N989S

Stop Gained TP53 R213*

1,100.00% 1
1,100.00% 1
1/ 1,100.00%
1/ 1,100.00%

/ 12 968

/ 12 968 VEP
1/ 12 968
89 / 12 968_-

VEP

( ENSGO0000001460.
ENSG00000001461 .
ENSG00000001497 .
ENSG00000001561 .
ENSG00000001617 .
ENSG00000001626 .
ENSG00000001629 .
ENSG00000001630.
ENSGO0000001631 .
ENSG00000002016 .
ENSG00000002079 .

ner

STPG1  protein_coding
NIPAL3 protein coding
LASIL  protein coding
ENPPA  protein_coding
SEMA3F protein_coding
CFTR protein_coding
ANKIB1 protein coding
CYP51A1 protein_coding
KRIT1 protein_coding
RAD52  protein_coding
MYH16

732
2132
4918
3211
2358
38
5627
39
521
2162

367 393 4.1666 1.3074
1063 1098
2501 2422
1598 1615
1179 1182
22 ©0.1852 0.0581
2812 2821
17 ©.5354 0.1680
268 4.0684 1.2765
1075 1089 23
44 26 34

33

24

24
257

10.
18.

23.

36.

1.4276
9926 3.4491 3.7663
9770 5.9544 6.5020
.4968 10.5103 11.4768
6708 7.4272 8.1102
0.0634
8933 11.5760 12.6405
0.1834
1.3939
.2600 7.2983 7.9694
0.3380 0.1060 0.1158

transcribed_unitary_pseudogene
BAD protein_coding 753 1524 1583
LAP3 protein_coding 3298 1630 1668  42.2125 13.2450 14.4630
ENSG00000002586 . D99 protein_coding 3905 1850 2055 38.9421 12.2189 13.3425
ENSG00000002586.20 PAR_Y CD99 protein_coding © o o 0.0000 ©0.0000 0.0000
ENSGO0000002587.10 HS3ST1 protein coding 1013 980 12.9536 4.0645 4.4382
ENSG00000002726.21 AOCL protein_coding 100 2.4696 ©.7749 0.8462
ENSGO0000002745.13 WNT16 protein_coding 8 0.1930 0.0605 0.0661
ENSG00000002746.15 protein_coding 63 151 0.9178 0.2880 0.3145

chr1:g.179121821A>G Substitution
chr5:g.24488109 24488110insT

chr12:g.58880858C>T Substitution
chr15:g.74023108C>T Substitution
chrx:g.130039160A>G Substitution

Missense ABL2 V245A 1 / 1,100.00% 1.
Insertion Frameshift CDH10 E641Rfs*18 1 /
Synonymous LRIG3 Q508= 1 / 1,100.00%
Missense PML R295C 1 / 1,100.00% if
Missense BCORL1 N1499S 1 / 1,100.00%

12 968 VEP
1,100.00%
1/ 12 968
12 968 VEP
1/ 12 968

ENSG00000002330.
ENSG00000002549 .

21.3581 6.7015 7.3178
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Building a KG for Explainable Al for

Personalized Oncology

Knowledge Graph

Biomedical
Ontologies

> R | ". g :: / ——
\ Matchin | :
1 '
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\ \
~ \
~ /
Biomedical Y Semantic Data % '
Datasets Annotation /
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The KG can be used to contextualize the

patient and the drug recommendation

treated with

@ @ is risk factor

@‘

has mutation

Renal cell
carcinoma, somatic

MET Tyrosine kinase

activity

promotes inhibits

cytokine-mediated
signaling pathway

Al recommendation

presents
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The K(s can be used to contextualize the

How diverseis 1the drug recommendation

my dataset in
terms of patient treated with
features?

Renal cell
carcinoma, somatic

has mutation

Tyrosine kinase
activity

presents promotes inhibits

Al recommendation
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The KG can be used to contextualize the

patient and the drug recommendation

treated with

Renal cell
carcinoma, somatic

has mutation

Tyrosine kinase
activity

promotes inhibits

How **similar*™ are my : _ )
. . cytokine-mediated
negative and positive signaling pathway
cases?

Al recommendation
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The KG can be used to contextualize the

patient and the drug recommendation

treated with How does the

prediction match
current scientific
knowledge?

Renal cell
carcinoma, somatic

Tyrosine kinase

promotes activity inhibits
presents

Al recommendation
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The KG can be used to contextualize the

patient and the drug recommendation

treated with

Renal cell
carcinoma, somatic

has mutation

MET Tyrosine kinase

activity

promotes inhibits

presents
. How **similar*™ are
cytokip . _
signal patients treated with
the same drug?

Al recommendation
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The great barrier to Al adoption in healthcare
and biomedical research is lack of trust.

Knowledge Science is the answer.

Photo by National Cancer ute on quglash


https://unsplash.com/@nci?utm_source=unsplash&utm_medium=referral&utm_content=creditCopyText
https://unsplash.com/s/photos/doctor?utm_source=unsplash&utm_medium=referral&utm_content=creditCopyText
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