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Outline

1. Context

- What is Knowledge representation?
* Types of Knowledge Representation

- Knowledge Representation in Medical Applications. Breast
cancer Grading (BCG)

2. My research directions

* Define a Methodology for Knowledge Representation in BCG
* Model a Breast Cancer Grading Ontology (BCGO)
* Integrate BCGO into Cognitive Microscope Framework

3. Conclusions and Future Work
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What is Knowledge Representation?
e Context « Types of Knowledge Representation
Knowledge Representation in Medical Applications. BCG

« Knowledge Representation [Davis et al., 1993] —cognition & perception

1. A substitute for the thing itself by which an entity thinks
instead of acting- determine consequences

2. A set of ontological commitment

3. A fragmentary theory of intelligent reasoning : conception,
set of inferences

4. A medium for pragmatically efficient computation

5. A language in which we say things about the world
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- What is Knowledge Representation?
« Context .

Qualitative representation versus quantitative representation
“the aquarium metaphor” [Freksa, 1991]
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What is Knowledge Representation?
e Context «  Types of Knowledge Representation
« Knowledge Representation in Medical Applications. BCG
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« What is Knowledge Representation?
e Context «  Types of Knowledge Representation
« Knowledge Representation in Medical Applications. BCG
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« Context

What is Knowledge Representation?
Types of Knowledge Representation
Knowledge Representation in Medical Applications. BCG

Methodology or Technology ? [Tutac, 20093]
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What is Knowledge Representation?
e Context «  Types of Knowledge Representation
« Knowledge Representation in Medical Applications. BCG
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What is Knowledge Representation?
Context - Types of Knowledge Representation

« What is Description Logics (DL) ? [Baader(07]

a family of first order logics knowledge representation formalism
(e.g. #4¢, SHOIN(D), SHIQ (D))

offers capability of decidability & automated reasoning (3,4)
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What is Knowledge Representation?
Context - Types of Knowledge Representation

* Ontology Web Language (OWL) [McGuiness09]

a language to structure the knowledge from real domain of
the world (1,2)

based on the SH logic family and RDF(S )
variants : OWL Lite, OWL DL, OWL Fuli

- OWL-DL (SHOIN (D))

computational completeness
high expressivity & decidability power
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What is Knowledge Representation?
- Context - Types of Knowledge Representation
« Knowledge Representation in Medical Applications. BCG

Types of ontologies

upper-level ontologies —theories of time
space

general ontologies — intermediate level, 8
task-independent S
2
domain (reference) ontologies — a &

particular type of the world (medicine)

application ontologies — a specific task

Domain/Ontology
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What is Knowledge Representation?
Context «  Types of Knowledge Representation
Knowledge Representation in Medical Applications. BCG

« Semantic Web Rule Language (SWRL)
OWL-DL and RuleML in the same framework [Karimi, 2008]

trade-off : expressivity and decidability

Atom <— C(a)| D(v)| R(a,b)U (a,v) | builtin(p,v\,...,va)|a=b|a = b
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What is Knowledge Representation?
Context « Types of Knowledge Representation
Knowledge Representation in Medical Applications. BCG

Medical CBIR Advantages Drawbacks
[zl\gg!r?r etal, »increasing rate of image | »gaps (semantic,
[Quellec et al production context)
? »diagnosis, teaching & »relevance feedback
2010]
research »page zero problem
»user interfaces
Medical CBR »cognitive adequateness | »adaptation
Nillson & »explicit experience »>unreliability
Sollenborn, 2004] | »>duality of knowledge »concentration on
[ Schmidt and »diagnosis, teaching & reference
Gierl, 2001] research
Holt et al., 2006]
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What is Knowledge Representation?
Types of Knowledge Representation

« Context Knowledge Representation in Medical Applications. BCG
KR Advantages Drawbacks Breast pathology
approaches

non-logic- human mind lack of logical | semantic networks
based task-solving inference * large vocabularies
formalism resemblance (UMLS,
[Steichen, SNOMED-CT)
2000]
logic-based high undecidability | Description Logics
formalism expressivity In complex (DL)
[Baader et al., | computational representation | ereference ontologies
2007] power (NCI, GALEN)
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What is Knowledge Representation?

Context Types of Knowledge Representation
Knowledge Representation in Medical Applications. BCG
Spatial Biomedical Advantages Drawbacks
approaches ontologies
mereology » FMA » reduces »>decidability
[Donnelli et al., | > SNOMED-CT | ambiguities (large
2005 ], » GALEN »symbolic vocabularies)
[Mechouche et &numerical
al., 2009] » image
processing link
topology > FMA » image »decidability
[Hudelot et al., | (brain MRI iInterpretation (large
2000] images) » reasoning vocabularies)
geometry »general
[Mezaris et al., | purpose

2004]
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Methodology for Knowledge Representation in BCG
Modeling BCG Ontology
« BCGO integration into Cognitive Microscope Framework

SCOR
E

My Research Directions

- Breast Cancer Grading

NUCLEAR Small Regular Uniform Cells 1
i i PLEOMORPHI Moderate Nuclear Size And 2

» prognosis assessment tool in gy Variation
modern pathology practice Marked Nuclear Variation 3
[StGIChen etal, 2006] TUBULE Maijority of Tumor (>75%) 1
FORMATION Moderate Degree (10-75%) 2
> a semiological approach Little or None (<10%) 3
MITOTIC 0-9 Mitoses/10 hpf 1
COUNT 10-19 Mitoses/10 hpf 2

»Nottingham Grading System

20 or > Mitoses/10 hpf 3




Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

« Breast Cancer Grading problems

time consuming (200 case patients in NUH, Singapore/900 cases in
PSH, Paris daily)

automated image analysis algorithms treat only individual criterion

= nuclear pleomorphism score [Adawi et al., 2006]
» tubule formation score [Petushi et al., 20006]

= mitosis count [Belién et al., 1997]

lack of formal knowledge representation (agreement inconsistencies)

semantic gap
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My Research Directions
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Methodology for Knowledge Representation in BCG
« Modeling BCG Ontology
« BCGO integration into Cognitive Microscope Framework
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 concept of similarity

* visual content processing &
analysis (CBIR)

« semantics, ontologies
(CBIR)

e case-based structure of
data (CBR)

* duality of medical
knowledge (CBR)

* incremental learning (CBR)
* hybrid reasoning :

image-based reasoning &
case based reasoning
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Methodology for Knowledge Representation in BCG
My Research Directions * Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

nature of formal representation : qualitative or quantitative?

» quantitative approaches force the use of quantities to express
qualitative facts [Brageul and Guesgen, 2007]

*OWL formalism supports logical qualitative definitions not
quantitative definitions

*in BCG : “close to neoplasm periphery”, “dividing cell nuclei”, “score
3”

Quantitative definitions are confined to the
qualitative representation as numerical values
allowed by semantic languages.
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Methodology for Knowledge Representation in BCG
Modeling BCG Ontology

My Research Directions
« BCGO integration into Cognitive Microscope Framework

» target of representation
» endurants (objects), not perdurants (event, processes)
* time-independent spatial representation
 application ontology BCGO (1-5)

- spatial theory support to eliminate ambiguities and inconsistencies
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My Research Directions

»Two approaches

Methodology for Knowledge Representation in BCG
« Modeling BCG Ontology
« BCGO integration into Cognitive Microscope Framework

* image driven : semi-automated breast cancer grading

Medical knowledge

injection

Objective
(NGS)

Subjective

Medical knowledge >
Representation (Ontology) —-

!
Concepts & Rules
MK-CV Translator

L

I
Pathologist 7% 3
2
/}Yﬁq

 limitations: no benefit of DL, to close to image level

Frame grading

Tuhule bmation score /-

Nftosis count Nuclearpleomomphisw

SCOom

dividud frame
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Explicit
knowledge
modeling

Vs

NCI thesaurus

Structural
Modeling
(OWL-DL)

Pellet
reasoner
[ Expert ]
§ feedback )
ssemantic-driven

[Uschold and Griininger, 1996]

Rule modeling
(SWRL)

Mitosis — very dark diving cell nuclei, which are not located in
tubule formation area and are close to neoplasm periphery

Formal representation for Mitosis in OWL

Class(Mitosis complete NucleusDivision

restriction(haslntensity someValuesFrom VeryLow)
restriction(haslntensity allValuesFrom VeryLow)
restriction(isCloseTo someValuesFrom NeoplasmPeriphery)
restriction(isCloseTo allValuesFrom NeoplasmPeriphery)
complementOf{restriction(isLocatedIn someValuesFrom Tubule))
complementOf{restriction(isLocatedIn allValuesFrom Tubule))
restriction(hasEccentricity hasValue hasEccentricityValue))

c

Formal representation for Mitosis in OWL - DL

Mitosis = NucleusDivisionI1
dhasintensity VeryLowll

Y hasIntensity VeryLowIl
JisCloseTo.NeoplasmPeripheryll
VisCloseTo.NeoplasmPeripheryll
=3isLocatedIn.Tubulell
=VisLocatedIn.Tubulell

3 hasEccentricity has hasEcentricityValue

Formal representation for hasEccentricityValue in SWRL

Nucleus(? y) A hasEccentricity(? x,?value) a
swrib :lessThan(?value, 1) A

swrlb : greaterThan(?value,0) — hasEccentricityValue(? x,? value)
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Methodology for Knowledge Representation in BCG
My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

1. Knowledge acquisition

ontology semi-automated segmentation (PROMPT)
a knowledge base KA =(NCI, NGS)

NCI — National Cancer Institute thesaurus
(e.g. Disease, Patient, Assessment, Specimen)

NGS — Nottingham Grading System & 20 patients
cases NUH

(e.g. NottinghamGrading, Tubule, Mitosis)

Why NCI and not SNOMED-CT or UMLS?

 NCI is homogenous, dedicated to cancer
information representation

* semantic mapping and concept alignment
 NCl is freely available
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Methodology for Knowledge Representation in BCG
My Research Directions *  Modeling BCG Ontology

BCGO integration into Cognitive Microscope Framework

2. Knowledge translation [Tutac, 2009b]

» structural modeling with OWL-DL (high expressivity)

TBox ABox

definitions of concepts concept assertions
Nucleus = MicroscopicEntityI1. ~ Nucleus (Nucleus_1)

statement of constraints roles.assertions .
JhasSize Size — Si=e hasSize(Nucleus_1, SmallSize)

» rule modeling with SWRL - DL safe rules
(decidability)
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 Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
« BCGO integration into Cognitive Microscope Framework

3. Knowledge refining

Pellet reasoner

 based on the DL tableau algorithm
« verifies ontology consistency
« computes inferred knowledge

Medical feedback
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* Methodology for Knowledge Representation in BCG

* My Research Directions *  Modeling BCG Ontology
« BCGO integration into Cognitive Microscope Framework

Spatial Reasoning. Formal theory

user query

Mereo-topologic
Metric/Geometric
Dimensional

Manual
Automated

Axioms
Theorems
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Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

Spatial Reasoning. Mereo-topological axioms & theorems
Definition. Surrounded By (SurrBy) [Tutac et al., 2010]

(SA1)SurrBy(x, y) BPr(x)r(y)a ~ PCoin(x,y))
or
(SA2) SurrBy(x,y) B Loc - In(x, y)A ~ O(x, y)

Applied to classes:

(ST1) SurrBy,(A, B) BVx(Inst(x, A) — dy(Inst(y,B) A SurrBy(x,y))
(ST2) SurrBy,(A,B) BVy(Inst(y,B) — Ax(Inst(x, A) A SurrBy(x,y))
(ST3) SurrBy,,(A4,B) B Loc - In,(A,B) A Loc - In,( A, B)
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Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

Spatial Reasoning. Mereo-topological axioms & theorems

How to eliminate ambiguities or redundant definitions ?

Definition. Inclusion (Included-In)
(IA1) Included — In(x, y) B3zLoc — In(x,z) A Loc — In(y,z)A ~ PCoin(x, y))

If PCoin(x,y) denotes overlapping, and
SurrBy is already defined as previously

1

Included-In is redundant
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Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

Spatial reasoning, Metric axioms/theorems RCC-8 & composition table

DC(x,y) EC(x,y)

‘ ‘ CloseTo(x,y) ”

TPP(x,2) TPP(x,2)

CloseTo(x,y)

EC(y,2)

(CAl)CloseTo(x,y) BDC(x,y) v EC(x,y) ATPP(x,z) A EC(y,2),

where z<threshold
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 Methodology for Knowledge Representation in BCG
My Research Directions *  Modeling BCG Ontology
« BCGO integration into Cognitive Microscope Framework

Spatial Reasoning. Mereo-topological axioms and theorems

e.g. verifying transitivity axiom on classes

Loc-In1 (LargeNucleus, InvasiveFrame)
(Every large nucleus is located in some invasive frame)

and

Loc-In1 (InvasiveFrame, ROI)
(Every invasive frame is located in some ROI)

It follows logically that: : o
Loc-In1 (LargeNucIeus, RO') LargeNucleus I.\{asiveFrame " Slide

(Every large nucleus is located in some ROI) :;;"f‘ 3!

e.g. Loc-In12(A, B) not holding

Loc-In1 (ROI, Slide) holds, but we cannot apply
Loc-In2 (ROI, Slide)
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 Methodology for Knowledge Representation in BCG
My Research Directions *  Modeling BCG Ontology
« BCGO integration into Cognitive Microscope Framework

Spatial Reasoning. Mereo-topological axioms and theorems

e.g. SurrBy12(A, B) holding

SurrBy1 (Lumina, StringNuclei) G il ST TR -
Every Lumina is surrounded by some StringNuclei | ’$ qé‘ K / g g s

»
SurrBy2 (Lumina, StringNuclei)

Every StringNuclei has some Lumina surrounding it
SurrBy12 (Lumina, Tubule) i

StringNuclei M e @

d

e.g. complex relations § A

SurrBy1 (Lumina, StringNuclei) |
Every Lumina is surrounded by some Nuclei and

P2 (StringNuclei, Tubule) “ e
Every Tubule has some StringNuclei as a part N ;ig-"‘

i a1 WA \./-.‘
we can infer: Lumina '
h,. ) “w
L .

P1 (Lumina, Tubule) 1 %
Every Lumina is part of some Tubule i a i, o I -t

P2 (Lumina, Tubule)
Every Tubule has some Lumina as a part 31 of 56



Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

DL reasoning. Tableau-based algorithm

Concept subsumption is reduced to concept satisfiability

Nucleus U MicroscopicEntity
NucleusDivision U Nucleus
Mitosis U NucleusDivisionI1-VisLocatedIn Tubule

Mitosis 1U Mitosis

Is Mitosis_1 subsumed by MicroscopicEntity?
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Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

DL reasoning. Tableau-based algorithm

1. Unfolding or TBox elimination

Mitosis 11U Mitosis = NucleusDivisionl1-VisLocatedIn.Tubule

Mitosis 1'TINucleusDivisionI1-=VisLocatedIn.Tubule

Mitosis _1'TINucleusDivision'TINucleusT1-VisLocatedIn.Tubule

Mitosis 1'TINucleusDivision'TINucleus'T1MicroscopicEntityll1-VisLocatedIn.Tubule
Mitosis 1I1MicroscopicEntityI1-VisLocatedIn.Tubule
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Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

DL reasoning. Tableau-based algorithm

2. Normalization - Negation Normal Form of De Morgan

-dR.C = VR-C
-VR.C = dR-C

- <nR.C = =(m+1)RC
-=(n+1)RC = =nRC

- =0OR.C = C ][] -C

. 1
Mitosis 1'TIMicroscopicEntityll disLocatedIn.— Tubule
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Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

DL reasoning. Tableau-based L(x) = {Microscopic Bntityll1 Fis Locatedn.— Tubule)

algorithm ©

3. Proving with Tableau - expansion r M-ruie

L x)y={MicroscopicEntity, JsLocatedm. —Tubule}

L (x) = {MicroscopicEntityl1
disLocatedIn.— Tubule}

L(p) ={~Tubule)

l

[model]



« Methodology for Knowledge Representation in BCG
My Research Directions *  Modeling BCG Ontology
« BCGO integration into Cognitive Microscope Framework

v ) MicroscopicEntity
v O cel
v O AbnormalCell

Model Implementation. |
v ) NeoplasticCell

PrOtégé v ) MalignantCell
) MalignartEpithelialCell

»  AnatomicalEntity @ MalignantMyoepithelialCel
»  ConceptualEntity v @ NormaiCell
>  MicroscopicEntity @ EpithelisiCell
~  DescriptorEntity ' Myocpiitalaicel

) Lumina

() NeoplasmPeriphery

v ) Nucleus

) LargeSizeaAndirregularShapeNucleus
(= MediumSizeAndVariatedShapeNucleus
¥ () NucleusDivision
) Mitosis
(=] SmallSizeAndRegularShapeNucleus 30156
) Tubule



« Methodology for Knowledge Representation in BCG
My Research Directions *  Modeling BCG Ontology
« BCGO integration into Cognitive Microscope Framework

1. Structural modeling- OWL classes, individuals & properties

| @ Metadata(Ontology1239104585.0wl) | OWLClasses | WM Properties | ‘@ Individuals )| = Forms

CLASS BROWSER INSTAHCE BROWSER

For Project: @ Updategrading_vers14_testupdate3 For Class: @ Miosis

e.g. Mitosis_1 is an instance of the Mitosis class

PROPERTY BROWSER

For Project: @ Updategrading_vers14_testupdate3

["Object | Datatype | Annotation | Al |

Asserted | Inferred |

Class Hierarchy e

owl: Thing
p O ConceptualErtity
» O DescriptorErtity

v ¥ @ X G

Asserted Instances

[l Object properties

. . @ Mitosis_2 » [ hasArithmeticDescriptor
ve _|cEn1rty @ Mitosis_3 » (M hasConceptualErtity
) @ Mitosis_4 ¥ (M hasDescriptorErtity
@ Lumina (4) @ Mitosis_5 V¥ (M hasGeometricDescriptor ;

v @ Nucleus (£)

v
Mitosis (5)

@ Tubule (4)

» PROPERTY BROWSER
[ hasEccentricityyalue

For Project: @ Updategrading_vers14_testupdate3
¥ (M haslrtensity il plategrading _testup

[ hastuminance (05 | Oy | v (A1 |
[ hasPosttion
¥ [ hasSpatialDescriptor B hasArea
» [ hasMetricDescriptor M hasAreaOverPerimeter
» (M hasTopologicDescrip | » Bl hasCentroid
» [ hasMicrosCopicEntity I hasCompactness

[ hasShiape _ hasEccentricity
W hasSize I hasEccentricity’

I haslrregularShape

I Datatype Properties

Definition of the Mitosis class

e - e I hasLargeSize
NECESSABPE SUFFICIENT
v O MicroscopicEntity NECESSARY I hashean
» O cel @ NucleusDivision B hasMediumSize
© Lumina © not (isLocatedin some Tubule) c B hasMitosis
v @ Nucleus ) hasLuminance only VeryLow B hashiame
S hasLuminancesome VerylLow 0 hashluclearPleomorphismScoreOne
v © NucleusDivision e
® Mitosi —m —— INHERITED 1 hasNuclearPleomorphismScoreThree
hasEcc me float cl M hashuclearPleomorphismScoreTwo
© Tuoule hasShape SOME Shaoe M hashuclearPleomorphismScoring
hasSize sonte Size B hasPerimeter
M hasSmallSize

I hasSqPerimeter
I hasStd
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Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

1. Structural modeling -DL TBox. Defined (complete) classes

OWL.:

Class (NuclearPleomorphismScoreOne complete NuclearPleomorphismScoring
restriction (hasNucleus someValuesFrom SmallSizeAndRegularShapeNucleus)
restriction (hasNucleus allValuesFrom SmallSizeAndRegularShapeNucleus))

OWL-DL.:

NuclearPleomorphismScoreOne = NuclearPleomorphismScoring [ |
dhasNucleus.SmallSizeAndRegularShapeNucleus|]
YhasNucleus.SmallSizeAndRegularShapeNucleus

Paraphrase: A NuclearPleomorphismScoreOne is any
NuclearPleomorphismScoring that, amongst other things,
has only SmallSizeAndRegularShapeNucleus
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Methodology for Knowledge Representation in BCG
My Research Directions *  Modeling BCG Ontology

BCGO integration into Cognitive Microscope Framework

1.Structural modeling - DL TBox. Open World Assumption (OWA) ?

OWL.:

Class (Mitosis complete NucleusDivision

restriction (hasintensity someValuesFrom VeryLow)

restriction (haslintensity allValuesFrom VeryLow)

restriction (isCloseTo someValuesFrom NeoplasmPeriphery)
complementOf (restriction (isLocatedin someValuesFrom Tubule)))

Paraphrase: Mitosis is any NucleusDivision that has,
amongst other things, some VeryLow intensity and is close
to some NeoplasmPeriphery and is not located in some
Tubule
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Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

1. Structural modeling- DL TBox. OWA and closure axiom

OWL.:

Class (Mitosis complete NuclearDivision

restriction (hasintensity someValuesFrom VerylLow)

restriction (hasintensity allValuesFrom VeryLow)

restriction (isCloseTo someValuesFrom NeoplasmPeriphery)
restriction (isCloseTo allValuesFrom NeoplasmPeriphery))
complementOf (restriction (isLocatedln someValuesFrom Tubule))
complementOf (restriction (isLocatedIn allValuesFrom Tubule)))

OWL-DL:

Mitosis = NuclearDivision | |

dhasintensity VeryLow [ [ VYhasintensity VeryLow [ |

disClose To.NeoplasmPeriphery [ |

VisCloseTo.NeoplasmPeriphery [ |

—~3disLocatedIn.Tubule || -VisLocatedIn.Tubule 40 of 56



Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

1. Structural modeling- DL ABox. Object & datatype properties

OWL.:

Class (Frame complete VirtualSpecimen

restriction (hasNottinghamScoring someValuesFrom NottinghamScoring)
restriction (hasNottinghamScoring allValuesFrom NottinghamScoring))

or

OWL.:
Class (Frame complete VirtualSpecimen
restriction (hasNottinghamScoring someValuesFrom int))
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Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

2. Rule modeling

SWRL rules alternative to OWL

ScoreBetween3and5%?x) N\ hasScoreBetween3and5(?x, ?value)
N\ swrlb: greaterThan(?value, 3) A swrlb: lessThan(?value, 5) —
hasScoreBetween3and5(?x, ?value)

SWRL DL safe rules

= enforce DL safety by restricting rules to individuals

e.g. DL safe rule BreastCancerPatient(?p)

hasDisease(?x, ?value) A hasAssessment(?x, ?value) A
Patient (?x) A NotthinghamGrading(?value)
— BreastCanc:erPatient(?xg)J
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Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

Qualitative evaluation metrics [Brank et al.,2005], [Tartir et al., 2005]

1. Granularity -relations between levels of ontology hierarchy, set theory,
mereology and non-scale dependency (NSD).

richness of relationships

P 86 RR more close to 0 than to 1, most
RR = E pgz SC 255 0.33===> rglations are class-subclass
relationships

attribute richness

P 86 ———> RR more close to 1 than to 0, lot of
AR = %E T 0.66 knowledge is conveyed to our ontology
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Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

Qualitative evaluation metrics [Brank et al.,2005], [Tartir et al., 2005]

2. Scope or degree of reflection
- average population

_ EI’W _ 169 _ | ===>> AP shows a very good population of K
129
 class richness

L _147 = |———> K has almost all knowledge represented
EC 129 in the ontology

3. Integration

-ontology integration

1C 35 _ the level of connectedness wrt
129 classes is low, yet expected
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Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

Evaluation. Reasoning perspective

129 classes, 169 instances, 86 properties, max depth 10 & 4 siblings
termination : 2.48 sec
concept satisfiability

classification of hierarchy (explicit model and inferred model)
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« Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
« BCGO integration into Cognitive Microscope Framework

Evaluation. Semantic Retrieval

http:/fwww.owl-
ontologies.com/Ontology1239104585.owl#FramelD

owl:ObjectProperty
rafID="hasNuclearPleomorphismScoring”

hitp:/Aiwww.owl-
ontologies.com/Ontology 1239104585 . owl#2

“Find all Slides which have
NuclearPleomorphism Score 2 and Mitotic Count 3”

Slide(?x) A
hasNuclearPleomorphismScoring(?x,?nuclearscore)
N\ NuclearPleomorphismScoring(?nuclearscore, 2)
N\ hasMitoticCount(?x,?mitoticcore) A

MitoticCount(?mitoticscore, 3) — sqwr:select(?x)
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Methodology for Knowledge Representation in BCG

My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

Evaluation. Precision & Recall challenges

our approach does not use a classic CBIR
there is no benchmark for BCG to compare with

the number of histopathology annotation needed is enormous
( for 20 cases/slides from NUH, 4000 frames each =>80.000 frames )

resolution issue (mitosis are identified on a different scale than
tubules) => precision/recall on different scales/ Mean-Average Precision?

the DCIS issue
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My Research Directions *  Modeling BCG Ontology
BCGO integration into Cognitive Microscope Framework

Model applicability. MICO framework [Roux et al., 20093]
MICQO — Project funded recently by ANR, TecSan 2010

Ontology-based Retrieval

Image Acquisition ROI Detection ROI Grading and Validation Support
\ ROI Exploration S tic R .
——— Visual Features Extraction /' | Semantic Reasoning

l ( ) k Semantic Annotation
High Resolution Analysis k

Low Resolution Analysis —" * Nuclear Pleomorphism ="
* Mitotic Count

Semantic Query
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* My Research Directions *  Modeling BCG Ontology
«  BCGO integration into Cognitive Microscope Framework

Ontology-driven mitosis and tubule formation scoring

Top-Down

Bottom-Up

s-like cells & l

»'v,yc'w,lh_-,w»»',\\u;up.-,-‘w.-,wyw-u.—,wry;-:[»n;—vm
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My Research Directions *  Modeling BCG Ontology
«  BCGO integration into Cognitive Microscope Framework

Ontology-based retrieval and validation support

Virtual Cognitive Microscope

MalignantEpithelialCell#39548441
Area ;685
| Std:33.523563
Mean : 168.74161
Compactn_ess 10.8111911




My Research Directions

Modeling BCG Ontology

MICQO prototype based on CBIR-CBR paradigm

Image Acquisition

Methodology for Knowledge Representation in BCG

BCGO integration into Cognitive Microscope Framework

Ontology-based Retrieval

and Validation Support

ROI Grading
ROI Exploration

=

\EOI Detection
Visual Features Extraction

Semantic Reasoning

)

High Resolution Analysis
* Nuclear Pleomorphism
* Mitotic Count

l

Low Resolution Analysis

e aall [

\

Semantic Annotation

)

Semantic Query

A

A

Problem

Query
refinement/

Query
expansion

Case
representation

Case ‘
&indexing [ :'5;. Pt L | i'-‘q':
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storage
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o y

Reiriaved
sinnlar cases
Case base (fnowlecye
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Solution/ adaptation/
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verification refinement
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Contributions
« Conclusions & Future Work «  Perspectives

CBIR —CBR methodological comparative analysis

approach to bring together image and semantic representation
(perception and cognition) :breast cancer grading application
ontology, qualitative representation, spatial integration, modeling of
perdurants

= bridges semantic and context gap : formal logic semantic indexing
techniques

= offers high expressivity and decidability : OWL-DL and SWRL
formalisms

»semantic reasoning : DL reasoning extended with spatial reasoning
» semantic retrieval for evaluation and validation of the ontology

integration of ontology in a cognitive virtual microscope framework
following the CBIR-CBR methodology
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Contributions
« Conclusions & Future Work - Perspectives

refining of ontology (e.g. scale information, temporal extension)
explanation-based medicine

integration in reference ontologies (NCI thesaurus vs SNOMED-CT, UMLS,
MeSH)

evaluation in a clinical setting (intra-observer and inter-observer
agreement, k-coefficient)

» define methodology
» define set of metrics
= apply metrics

Integration in complex representation with heterogeneous data-
interoperability (VPH)
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Research Activity

Research grants/internships :

>

>

TD- 65/2008 “Micro-Medical Image Processing”

“HISTOGRAD - a virtual microscope for breast cancer grading” Patent
- software declaration (inventoried as *DI 2944-01* by the CNRS for
the *UMI 2955*. Registered by the CNRS, Daniel Racoceanu, Adina
Tutac, Xiong Wei, Jean-Romain Dalle, Chao-Hui Huang, Ludovic
Roux, Wee-Kheng Leow)

CNRS, France & NUS, Singapore - 3 research stages in Singapore
2007 - 2009
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