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Abstract —~Within the last decade, histological grading has
become widely accepted as a powerful indicator of
prognosis in breast cancer. Currently, Breast Canae
Grading (BCG) is achieved by pathologists using tedus
subjective visual examinations of hundred of sliceday.
In order to eliminate these drawbacks, we propose a
semi-automatic grading system in a structured semdic
Content-Based Image Retrieval (CBIR) framework.
Although considered as an encouraging technology to
enhance the intrinsic functionality of managing medal
images, CBIR faces various issues with respect tbnical
applications. One of these problems is the contemap,
conceptually consisting of two major gaps: the senméic
gap, defined as the discrepancy between the low-kv
visual features and high-level semantic conceptsnd the
context gap, which refers to the limitation of CBIRusage
to a specific context. To tackle with these issueshis
paper introduces two approaches, related to the sam
automatic breast cancer grading challenge: on onead,

a medical knowledge guided paradigm for semantic
indexing of histopathology images, to overcome the
semantic gap, and on the other hand, we propose arsi-
automatic BCG approach, in order to improve
pathologists’ current manual procedures biased by
subjectivity and tedious factors. The key idea isatbuild a
Web Ontology Language standards compliant semi-
automatic translation framework, from the medical
concepts/rules related to the BCG, to computer vish
(CV) concepts/symbolic rules. The application is tated
to a generic framework for BCG which narrows the
context gap. This approach was tested over six brsa
cancer cases consisting of 7000 frames with domain
knowledge from experts from the Pathology Departmen
of Singapore National University Hospital. Our method
provides pathologists a consistent approach for BC@nd
opens interesting perspectives for multi-scale imagy
processing and analysis, semantic retrieval and barfide
diagnosis/prognosis assistance.

1 INTRODUCTION

Worldwide, breast cancer is the second most conmtypn
of cancer after lung cancer and the fifth most camroause
of cancer death. Breast cancer is by far the mosinwon
cancer amongst women, with an increasing incidegiee

Within the last decade, histological grading hasobse
widely accepted as a powerful indicator of the piaxjs in
breast cancer. Currently, Breast Cancer GradingGB{S
achieved by visual examinations (hundreds of slmbrsday)
by the pathologists. Such a manual work is timesaaring
and subjective. Thus, developing a semi-automatéacigg
system in a structured medical imaging frameworkesents
an important medical requirement.

This study aims to introduce a medical knowledgielen
paradigm for semantic indexing of histopathologyag®es,
applied to BCG. Our method proposes to improve
pathologists’ current manual procedures consistesfcthe
diagnosis, by employing a semantic indexing teamigising
a case/image based reasoning approach relatedtiogii@am
BCG.

The paper is organized as follows. Section 2 intced the
concept of CBIR, describing the main charactesstic
challenges, emphasizing our approach to overconge th
semantic gap. Section 3 provides a generic degmripf
BCG focusing on our solution to narrow the contgap and
initiate a semi-automatic BCG. Section 4 introducedical
domain knowledge analysis and modeling by desdildn
synthesis of the breast cancer grading standartgmyand
showing the importance of grading in breast cancer
prognosis, followed by a breast cancer grading logjo
model inspired from the medical concepts and rales the
specific rule modeling adapted to a translatiorgbraach
between computer vision and pathologic rules. Téraastic
indexing of image features to give the local and ¢obal
grading is presented in section 6. Section 7 costai
experiments and results leading to understandimgastc
breast cancer image analysis, thus, to achievegithding.
Finally, the results and approaches are analyzddesearch
and clinical conclusion/perspectives are indicated.
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2 CBIRIN MEDICAL APPLICATIONS

Content Based Image Retrieval is generally seera as
technology to access pictures from image databgsashal
content according to the users’ interest [1] [2finElpally,
CBIR consists of three main phases: the indexirgp t
retrieval and the relevance feedback, typicallyebasn visual
similarity. The advantages of having CBIR systemsnted
on medical axis are illustrated in Table I, alonighwsome
drawbacks related to specific techniques not yetdus
medical.

Table I. Advantages & Drawbacks of Medical CBIR

Advantages Drawbacks
Medical | - increasing rate of | - usual relevance feedback
CBIR everyday image doesn’t allow capitalizing
production in the contextual information
hospitals (the process needs to
- applications in restart from scratch for
diagnosis every new query)
teaching & - user interfaces
research - performance
- gapt
However, despite its promising characteristic to

innovatively exploit actual huge amount of digitidta, the
clinical usage of CBIR is almost inexistent nowalayne of
the reasons is the complexity of a medical appbtoat
Another facet is related to the CBIR gaps. A cormprsive
overview of these gaps in medical CBIR is providgd[3].
In particular, in [4] the spotlight is set on seri@anand
sensory gaps. An excellent review of Content-Baddedical
Image Retrieval (CBMIR), showing that the semaraic
sensory gaps inherently account for CBIR lack ghi§icant
clinical usage is given in [5]. A compilation ofl ajaps is
presented in the Table II, with our own emphasis on
perception gapnstead ofiesthetic gaproposed by [2].

Table II. CBMIR gaps

CBMIR gaps Characteristics

Content modeling & understanding
image/information vs. real
image/information

Features computational numerical features vs.
real image/information

Performance application, integration, indexing,
evaluatiot

Usability query, feedback, refineme

Perception Visual information perception vs. real
image/information perception

Sensory Information description vs. real
image/information

Content-based image indexing [6] has been a subfect
significant research in the context of medical imggiomain
[7], [8]. Bridging the semantic gap [9] between Kmvel
features and high-level semantic concepts [10] esgnts
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cutting-edge research [11], [12], since it is iefiged by the
versatility of image content and the lack of knadge.

The research trend is to model ontologies and maédic
diagnosis rules that can capture the essence ofaidom
knowledge and structure the information at the sgima
level.

Our work is focused on finding a solution to bridipe
semantic gap, by proposing kamowledge-guided semantic
indexing approactbased on a novel Breast Cancer Grading
(BCG) ontology and rules base build in Protégé [a3iree,
open source ontology editor and knowledge-baseewark
[14].

3 BREASTCANCER GRADING

Most of histological breast cancer grading systé¢is
combine criteria in nuclear pleomorphism, tubulerfation
and mitotic counts. In general, each grading dstes
evaluated by a score of 1 to 3 (the grade 3 beisgaated to
the most serious condition) and the score of alkeh
components are added together to give the globatiegr
Breast Cancer Grading requires time and attentiealing
with hundreds of cases by day, each of them haaingnd
2000 frames. Currently, BCG is achieved by visual
examinations by pathologists. Such a manual wortime-
consuming and inconsistent, according even to
pathologists’ opinion. The diagnosis made on thaesalide
of the same patient by different pathologists odifferent
time during the week can differ. This is mainlyateldd to the
subjective manual scanning and evaluation of th&osisi
tubule formations and the cells nuclei. Considerthgse
drawbacks, developing a semi-automatic grading egyst
could considerably improve the consistency of tlagmbsis.

Several approaches have been developed considetiyng
individual parts of the BCG. Automated nuclear
pleomorphism score was proposed by [16], [17], ,[18]ile
tubule formation score was addressed by [19] anabsisi
count by [20]. Yet, no attempt has been done tobioenall
criteria in order to provide a complete automate@GB
Therefore, we propose a solution to meet pathdisgieeds
for a novel semi-automatic BCG, thus alleviatinge th
shortcomings of the manual grading procedure.

Such a semi-automatic grading system should natural
able to semantically index the images accordingthteir
content, in line with the medical domain knowledBeyond
this, we further model the BCG-related medical klsuge
(MK) as reasoning rules. These rules are embeddetie
semantic indexing approach.

The proposed method provides pathologists a rofudt
consistent tool, as a second opinion for breasteragrading,
using the Nottingham grading system [15]. The dctua
precision of the proposed approach has been eedluat
considering six breast cancer cases consistin@@® frames
with domain knowledge from pathologist experts.

the



Figure 1. Knowledge-guided semantic indexing warkfl(lone time processing/training — red/upper leftrfe, each case
testing- green/bottom frame, services provided upguest — yellow/upper right frame)

Our paradigm workflow depicted in Figure 1 respebts
following steps. The first step consists of didit the
histopathology slides analyzed under the microsdnpéhe
pathologist. The slide consists of 2000 to 300@nfsa that
will be processed and analyzed in the next step, by
integrating the medical knowledge. The subjective
knowledge coming from the pathologist as well as th
objective knowledge coming from the Nottingham Stmal
Grading System are structured in a formal represient
based on Breast Cancer Ontology. Medical knowledge
concepts and rules are then translated into compigien
(CV) concepts and rules (required for the imagecgssing
and analysis step) thus providing the means fosémeantic
indexing step. The output will be the Breast Car@exding.

Breast Cancer ontology has its implications in aeske
and teaching, knowledge-guided semantic indexingofis
high interest in research & teaching as well as in
diagnosis/prognosis assistance while BCG is novwadbhg
most used procedure for prognosis of breast cancer.
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4 MEDICAL DOMAIN KNOWLEDGE

4.1 Domain Knowledge analysis

To have a complete domain knowledge analysislity
of objective knowledge and subjective knowledgequired.
In our case, objective knowledge is provided by the
Nottingham Grading System (NGS) gold standard.
Identification of the regions of interest (grourrdth) with
specific medical knowledge is given by the pathstyg
Among the standard grading systems used all over th
world, NGS is preferred for the reason of providimgre
objective criteria for the three components of grgdand
specifically addresses mitosis counting in a magerous
fashion. The three components of NGS criteria arefli
described below (see Figure 2):
Tubule Formation score (TF) - are referred as the
density of the Tubule Formations - white blobs (loia)
surrounded by a continuous string of cell nuclei.
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Figure 2. NGS components : a) Tubule formatiommiha surrounded by string of cell nuclei , b) Migoglividing cells
nuclei, c) Big size / irregular shape nuclei-- Nff&de 3



Mitosis Count (MC) score represent the number of

Mitoses - diving cells nuclei. MC is assessed ie th

peripheral areas of the neoplasm and it's basethen

number of mitoses per 10 High Power Field's (HPF's)

high resolution (usually 469 frames obtained using

microscopic acquisition.

Nuclear Pleomorphism Score (NPS) - categorizes cell

nuclei based on two features: size and shape.

The scores for the three separate parameters €sjbul

nuclei and mitoses) are summated and the overatlegof
the neoplasm is determined [1].

4.2 Breast Cancer Grading Ontology Design

We propose to narrow the semantic gap using a eepid
approach. Our rationale is to associate meaninfgatures
extracted from the image, thus indexing imagesdigantic
means. Without any doubt, this has to be done dowpto
the domain knowledge, a vital point in our approach
Therefore we propose a BCG knowledge modelingistart
with the BCG ontology.

The modeling follows the Ontology Web Language
(OWL) framework issued from the Semantic Web
framework of Protégé [21], [14]. The key idea iscieate
definition rules for the concepts, to define th&atienships
between concepts in terms of classes, properties an
instances. Various instances for different clagsescreated
as individuals, where specific values are assidoedlasses
and properties. Figure 3 gives an insight of Breaahcer
Ontology development.

Table Il illustrates the representation of breeahcer
grading knowledge (medical concepts and rules)
computer vision ontology concepts and definitiotesuin
Protégé. To give a glimpse, lumina medical concispt
defined in the ontology as a class inherited frohe t
WhiteBlobs (compact segments of white parts) with
associated properties. They are following the nediales
(semantic meaning) and using visual features (lwel) of

into
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the histopathology images. The property hasintgnsfhite
(which is an instance of Intensity class) is cated with
color feature (intensity-based), hasSize is defimsd an
instance of Size class, related to the dimensiod an
Included_In (an instantiation of Localization clpss
DarkCellsCluster shows where the lumina appearshé
microscopic image, surrounded by the dark cellsstelu
(inherited from Cells), meaning the detection obule
Formations.

Table Ill. CONCEPTS and Rules correspondence
(Medical —CV-Protégé)

Medical Concepts Protégé concepts type

Slide Super class

Grading Super clas

Cells Class inherited from Imageelations
CellsCluster Class inherited from Celleetations

Class inherited from Cells- relations
haslintensity —  attributes (property)
Dark/VeryDark (nstancesf Intensity class)

DarkCellsCluster/
VeryDarkCellsCluster

Class inherited WhiteBlobs

hasintensity groperty White (nstance of
Intensity class),

hasSize ffroperty) Small (hstanceof Size class),
hasLocalizationgroperty)

Included_In instance of Localization class
DarkCellsClusterifistanceof Cells)

Lumina

TF/Mitosis/NP Classes inherited from Gradinglations

Class inherited from TubuleFormation/ MC/ NPS-
relations

Local Grading/Global
Grading (10 HPFs)

4.3 Breast Cancer Grading Rule-Base System
Modeling

The scope of this section is to introduce the aggio
proposed to translate medical concepts and rulasedeto
the breast cancer grading, to the computer VisiON) (
concepts and symbolic rules. The aim is to moveatd& a
future generic frame for an assisted semi-automatic
generation of CV rules and (in future) computergoams,
starting from specific medical queries. Therefave, define

Figure3. GUI of PROTEGEfor Breast Cancer Gradi



a Generic Translation Framework (GTF) to provide th
translation of medical concepts and rules into @vicepts
and rules.

Figure 4. Generic Translation Framework

As illustrated by Figure 4, the section is struetliin
three parts, according to the main steps of theqwed

approach: development of the correspondence between

medical concepts and computer vision concepts (tegpect

to the OWL standard); definition of intermediate CMes
and generation of the final Symbolic Rules by fasad the

CV concepts and intermediate CV symbolic rules.eNob&at
CV concepts are used as an input for the Rulesslaton
together with the medical rules to generate the CV
preliminary symbolic rules.

4.3.1 Correspondance between the Medical concepts and
adequate Computer Vision concepts

According to the NGS synthesis, we proceed to the T
extraction as the NPS and MC computation in ordar¢ate
the rule-based method able to automatically geeetia¢
grading (see Table 1V). Therefore, to clearly defihe rules,
medical concepts are transformed into computeronisi
concepts.

The MK-CV concept translator is based on a
classification of elements that need to be taketo in
consideration to give the final grading.

objects : Image, Cells, CellsCluster, Lumina, Tebul
Mitosis, Nuclei Pleomorphism
attributes: size, shape, intensity, localization

values small, medium, big, regular, variated,

irregular, white, dark, very dark, ecc

operators :
An illustration of objects translation is given bgble IV.

Table IV. MK-CV objects of concept translator

Medical Objects CV objects
Slide Image (digitized)
Cells Cells
CellsCluster Union of Cells

DarkCellsCluster/ Union of Cells

VeryDarkCellsCluster

Lumina White compact segments of the
Image included in the union of dark
cells

TF/Mitosis/NP Union of Cells/Diving Cells nuclei/

dimension & shape features of the
nucle

Grading Computation for TF.MC,
NP single frame/10 frames

Local Grading/Global
Grading

4.3.2 Intermediate rules
To obtain the symbolic tubule formation rule, weate
intermediate rules for each domain concept usedthix
criterion.
- DarkCellsCluster is defined as containing group of
adjacent cells with intensity property value sdbepveen
VeryDarkandWhitelimits.

In terms of Protégé, this rule is defined as: Celith
hasIntensity(property) some Dark, which is an instance of
Intensity class.

WhiteBlobsintermediate rule composes the Lumina (L)
rule as white blobs included in the existing Darlt€feluster.

- Lror intermediate CV rule is a union of all lumen dételc
in the image.

Figure 6. SEMANTIC Indexing in BCG Context



Following the same idea, intermediate rules arenddf
for the mitosis count symbolic rule.

rule represents an eccentricity

deterministic operation computed for tieryDarkCells.
- rule applies a size detection

threshold onto theVeryDarkCells In practical image
processing/analysis, the detection d@farkCellsCluster,
VeryDarkCellsor WhiteBlobsbecomes a simple intensity-
based segmentation method.

For the nuclear pleomorphism rule definition,
segmentation methods are performed to detect

image

4.3.3 Generation of the final symbolic computer vision
rules
Considering the tubule formation criteria given the
pathologist:
Pathologist rule for Tubule = white lumina blobs
surrounded by string of dark cells nuclei.”
Symbolic rule (used in our algorithm):
TF symbolic rule specifies that if there ar&/hiteBlobs
included in theDarkCellsCluster the pathologic criterion is
satisfied.
i
where:TFro (TF region of interestjs defined by:
TR, ={ DarkCellsClustey

The TFro symbolic rule creates the union of all
DarkCellsCluster — with intensity and localization
dependence and.. The DarkCellsCluster detection is
performed using morphologic operators.

The result of this operation is to index the ngatimage
by the TFro,. This is an important point of our approach,
since we are able to associate to each frame pré&v@3l
structure corresponding to the detected tubule &tions.

Pathologist Rule: Mitosis = very dark dividing cell
nuclei from the peripheral area of neoplasm
Symbolic Rule:

MitosisROI

#
P
VeryDarkCellsstructures must not be contained in the tubule
formation area TFro), specified in the rule by the
operator. ThusMgg, rule is defined as a union of all
VeryDarkCells dependent of particularecg size and
localizationvalues.
Pathologist Rule for Nuclear Pleomorphis®ize
and Shapdeatures of nuclei
Symbolic Rule :
Nucleio;: $% where

A

n example of MK-CV rules translation, in the ca$enitosis
detection, is given by:

5 SEMANTIC INDEXING APPROACH BREAST
CANCER GRADING COMPUTATION

This approach intends to overcome the drawbacks of
classical indexing methods. The conceptual anmotstare
rule-based defined in the grading model for eveastipular
frame and globally transmitted in a structure foe entire
case. Some prerequisites need to be consideremnportant
role is played by the scale. The images have beamed at
high-magnification (10X), thus the image processad
analysis step is based on this scale. Another idatwas
conveyed in this approach is the computation ofalloc
grading, at the first hand, in order to providetdretesults.
The local grading for each frame is used furthette global
grading, instead of computing directly the gradiog the
whole slide.

The algorithm segments images and processes flet ob
recognition phase (feature extraction step) folibviy the
semantic classification criteria rules modeling.ughit is
created a correspondence between the visual feadnethe
semantic image labeling, in terms bfitosis Nuclei and
Tubule Formatiorregions of interestROls

Image segmentation with gray scale conversion and
adaptive tresholding obtains a collection of sucBIR
meaningful for breast cancer grading and — moreigdly —
for breast cancer evolution diagnosis/prognosis fégion
selection is correlated with the model rules (sigeié 6).

Semantic indexing of concepts extracted from thagen
gives us the means to create the rules for the atatipn of
local grading.

5.1 Local Grading Computation

The local grading computation process uses funstiamd
operators to define the required symbolic rules (Fable
V).

Table V. FUNCTIONS used in criteria score symbaoliles

Symbolic rules Description

! the TF score a
reported in the
pathologist rule

the MC grade function
( with the NGS values
#

The pleomorphism
value off all nuclei

f(Siz@+g( Shapg




Frame Tubule Formation Score (FTFS) :

e (r
Frame Mitosis Count (FMC):
"# ( #

Frame Nuclear Pleomorphism Score (FNPS):
countNPROI )
FNPS={round( (f(Sizé + g( Shapg/count( NB )}
i=1
The local breast cancer grading (FBCG) rule
") (& "N (

represents the sum of the three values compute@doh
NGS criterion, over a single frame.

5.2 Global grading computation

The global breast cancer grading is computed simila
with each local score, but over 10 HPFs [1] (seguf€ 6).
The 10 HPFs specification appears as the upper dingach
computation of sum in the rules:

»& (o,

hiid ( & #
%
- (& &
%8,
)
Y) ()& ) )$%&

6 EXPERIMENTS& RESULTS

The experimental part consists in analyzing anexim
pathologic images of six breast core-biopsy cassed] with
H&E marker, consisting of 7000 frames scanned fitbin
tumor tissue slides and obtained from the Pathology
Department of National University Hospital of Sipgae
(NUH). The database is composed by two sets: 1ia€s
used for the training algorithm phase and 5600 éxamsed
for the testing and validation phase. The slideseveeanned
on a sequence of frames ax40 (40) magnification with a
1080x 1024 resolution.

The set of histopathology slides, labeled by oudics
partners, has been digitized into a number of Higds
(frames). Each frame is then analyzed and a loealigg is
computed. According to this local grading, top iraages are
automatically retrieved to provide the slide glogedding.

Table VI. PATHOLOGIC visual grading and configumati
of the training and testing database

Case | Tubule | Nuclear | Mitosis | BCG
Data type ID Score score coun (path’
Training 1000 | 1 1 3 1
database 2000 | 1 2 1 1
(2400
images) 4895 | 3 3 3 3
Testing 5020| 2 3 3 3

database 5042 | 3 3 2
(5600
images) 5075

Table VII. Semi-AUTOMATIC grading results

Data Case| Tubule | Nuclear | Mitosis | automatic
type ID score score count BCG
Traini 1000] 1 1 3 1
Ceomnge 20002 7 3

4895 | 3 2 3 3
Testi 5020 | 3 2 3 3
P R S

5075 | 3 2 1 2

Table VIII. COMPONENT scores and global gradingoesr

COMpo | 1 5pa
Data Tubule | Nuclear | Mitosis | nent BCG
base score | score count scores | o
error
Training | 1905 | 1106 | 0 7.33% | 0%
errors
Testing o o o o
arrors 11% 22% 0 11% 0%

We use Matlab programming environment to devel@p th
method. The program is tuned to take into accotwet t
images’ scale [22] given by the microscope [23] time
automatic acquisition phase. Local errors weresteged in
the training base for the tubule score in case 20@Dfor the
nuclear score in case 4895. In the testing databesel
errors were obtained at the tubule score and nusteae for
the case 5020 and only for the nuclear score ir Sse.
Note that for the mitosis count there was no regfistn in
either training or testing database which givesaugood
confidence degree in the detection of mitosis. %00
automated detection). The most interesting fathas, when
computing the BCG for training and testing database
respectively, local errors (7.33%, 11%) are noppgated to
the global level (0), computed by a simple formuh
matches from the total items. The good resultsinbthon
the global grading are promising and allow us teisage
interesting generic perspectives of this approach.

7 DiscussioNS CONCLUSION AND
PERSPECTIVES

Despite being strongly related to a particular igagibon
field and a specific medical domain, the presersemhantic
indexing approach has a generic character. Indéed,
association with the following ontology validatiprocedure:

- Ontology segmentation - extract a subset of exjdtresauri
(i.e. NCI thesaurus)
Ontology structuring - according to the OWL stami$ar
(related to Semantic Web standards); for this psgpee are
using the same Protégé framework.
Automatic Ontology verification - use of the Praiégasoner
in order to have a first evaluation of the ontolegysistency
Medical validation - consult the local medical eblbrators
(important, even if somehow subjective and partial)
Ontology official validation - submit the ontology the OBO
web site (www.obofoundry.org/), agreeing that - enc
validated by them - our ontology will be published their
website.



this meaningful (medical domain relevant) semaintigex
allows to design semantic query content-based rakiage

retrieval systems, usable in translational apprescihese

types of CBIR systems will certainly replace in thear
future the actual query by example ones, basedambjisual
features.

In the context of virtual microscope platform, autic
semantic-query based visual positioning systembkgjgsksent
also a high interest for the medical techniciars @octors in
terms of time efficiency. From the image processargl
analysis standpoint, we envisage that a multi-sapjgroach
will provide an improvement in terms of speed aimdet
consuming task. This reasoning follows even cloger
pathologist procedure and also helps in a bettatification
of the invasive area (neoplasm) thus the gradinll e
proceeded only on this specific part of the slide.

In addition, the purpose of generating computefoxis
from medical

(CV) concepts and symbolic rules
concepts/rules related to the breast cancer gradiritp

respect to OWL and the Semantic Web is seen asefutu
assisted semi-automatic

generic perspectives for an
generation of CV rules and computer programs,istaftom

specific medical queries/rules. Obviously, a trugintenance

mechanism has to be included in the future in tkistiag
approach.

Apart coping with the semi-automatic breast cancer

grading challenge, our approach emphasizes mediegjing
vital importance for accurate “bona-fide”
assistance. Indeed, a virtual microscope platfbesed on
our principle will allow pathologist to ensure dust grading
procedure, by providing the opportunity to benéfam a
semi-automatic semantic annotation and further aagibn
of the lesions’ neighborhood (region of interestiR@t
different scales.
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