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Abstract.  This paper describesan hybrid method combining symbolic
and numerical techniques for annotating brain Magnetic Resonanceim-

ages.Existing automatic labelling methods are mostly statistical in na-
ture and do not work very well in certain situations such asthe presence
of lesions. The goal is to assistthem by a knowledge-basedmethod. The
system uses statistical method for generating a su cien t set of initial

facts for fruitful reasoning. Then, the reasoningis supported by an OWL

DL ontology enriched by SWRL rules. The experiments described were
achieved using the KA ON2 reasonerfor inferring the annotations.

1 Intro duction

Identifying anatomical structures in brain Magnetic Resonancdmages(MRI) is
animportant aspect of the preparation of a surgicalintervertion in neurosurgery
especially when the lesionis located in the cerebral cortex. A preciselabelling of
cortical structures (gyri, sulci) surrounding the lesion is particularly necessary
to determine an optimal surgical strategy. Existing automatic approachesfor an-
notating brain imagesare often statistical, e.g., basedon Statistical Probability
Anatomy Maps (SPAMSs) [1]. A SPAM is a 3D probabilistic map assaiated to a
particular anatomical structure. The value at ead voxel position represerts the
probability of belonging to this structure at that location. The statistical data
usedin our system were derived from a database of 305 normal subjects, after
re-alignmert of MRI data into a common referencesystem (called stereotaxic
space).SPAMs-lik e methods have an important drawbadk. They are not robust
against deformations and shifts causedby a lesion in the brain. A symbolic
method, using a priori knowledge about topological relations betweenthe cere-
bral structures may be an alterativ e or a complemen to compensateit, sincein
contrast topological relations are presened. This paper describesa new hybrid
method for annotating brain imageswhere SPAMs are usedto get a su cien t
set of initial facts for reasoning. Reasoningis supported by an OWL ! ontology

! http://iwww.w3.org/TR/owl-  features /
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about the brain cortex anatomical structures and Horn rules capturing the topo-
logical dependenciesbetweenthe brain structures. OWL o ers seweral bene ts.

The labels get a clear and well-de ned semartics. The brain ontology becomes
interoperable. OWL providesuseful servicesfor its designand maintainance. Us-
ing Web standard languagesmakesthe ontology and rules sharableon the Web.
Thus, they can be usedto annotate imagesdistributed in multiple sources.

2 Metho d

The method consistsof two main steps.The rst stepis the segmemation of the
brain and the extraction of the sulci tracks from an MRI exam. The secondstep,
is the annotation of aregion of interest (ROI) selectedfrom the sulci graph. This
paper mainly focuseson the secondstep.

Reasoningis performed from an ontology of the brain structures enriched by
rules represetting their topological dependencies,and initial facts provided by
numerical and statistical tools (SPAMs). The complete processof the application
is: (1) acquiring the patient MRI ; (2) brain segmetmation; (3) extraction of the
external tracks of the sulci; (4) selectionby the user of a region of interest and
extraction of the corresponding subgraph of sulcus segmetts delimiting surfaces
corresponding to the parts of gyrus (called patches) presen in the region; (5)
initialization of the ABox A. The above numerical and statistical treatments
lead to the initial facts, OWL individuals and role values represerning their
topological relations, as explained thereafter; (6) reasoningbasedon the brain
ontology O, the rule baseR, and the ABox A (with someuser interaction), (7)
Finally, the inferred labels of the structures are involved in the ROI.

2.1 Populating the Ab ox

First, the numerical tools extract the sulci of a ROl and delimit the surfaces
limited by the sulci (patches). They also provide the topological relations and
the orientations betweenthe di erent patchesand sulcussegmerts.

The yellow segmetis gure 1 (left) show the sulci of the ROI. The patches
(e.g.;P7; P8; P9etc.) aredelimited by the sulci (e.g.; 178 124etc.) (right). The
facts extracted by the numerical tools from this graph are represened in OWL
DL (gure 2 left). For exampleP9 is an individual of the classPatch while 178
is a SulcusSegmen The property isM AE BoundedBy hasa value (individual of
the classAttributedEn tity) expressingthat P9 is bounded by the segmen 178
with a posterior orientation, and other segmeits 423, 424 etc.

Thesefacts are then completedby data computed from the SPAMs. A SPAM
is a 3D image le assaiated to a particular anatomical structure, for instance,
a particular gyrus. The information at ead point of this 3D image pt(x; y; z)
represerts an estimate of the probability to belongto this particular structure.
Each segmen s; of the ROI is a set of points. We rst transform the points
coordinates into coordinates of the referencespace,i.e. the stereotaxic space.
Then we calculate the probability p; of the segmen s; to belongto a SPAM sp;
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Fig. 1. Extraction

<Patch rdf:|D="p9">

<isMAEBoundedBy>
<AttributedEntity rdf:ID="AttEntity1">
<entity>
<SulcusSegment rdf:ID="178"/>
</entity>
<orientation>
<Posterior rdf:ID="posteriorTo"/>
</orientation>
<MAEBounds rdf:resource="#p9"/>
</AttributedEntity>

of the ROI graph

<owl:Class redf:ID="Orientation">
<rdfs:subClassOf>
<owl:Class rdf:ID="Posterior"/>
</rdfs:subClassOf>
<lowl:Class>

<owl:ObjectProperty rdf:ID="isMAEBoundedBy">
<inverseOf>
<owl:objectProperty rdf:about="#MAEBounds">
<finverseOf>
</owl:ObjectProperty>

</isMAEBoundedBy>

<IPatch>

Fig. 2. Facts in the ABox (left), OWL classand ObjectProperty (right)

by calculating the averageof the probabilities of all its (transformed) points. For
ead segmen we store the two highest probabilities that have been computed
(gure 3). Thesevaluescomputed from the SPAMs, and the abstractions rules
preserted below enableto automatically acquire the initial facts of the Abox A.

Computing the boundaries and semrations. Some heuristics have been de ned
to determine whether a sulcus 'bounds' a SPAM or 'separates'two SPAMs: if
the two highest probabilities are small, over a given threshold M I N, then the
segmen is assertedto separateor to bound the corresponding SPAMSs, elseif
they are very big, over a given threshold M AX , then the segmen is asserted
to beinside the corresponding SPAM. The thresholds M IN and M AX are de-
ned empirically. More precisely the rules that abstract the topological relations
regarding the boundariesand separationsare:

{ if(pir 2 [MIN; MAX]and piz 2 [MIN; MAX]) then s; separatessp;
and sp,. Indeed it meansthat s; is located betweensp; and sp, that is s;
separatesthem, e.g.; S; gure 4).
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Sl ‘Gyrus

SulcusSegmen Precertral |Postcertral |Angular |SupTemporal|...

ID = 183 0.384 0.186 0 0
ID = 178 0.218 0 0 0
ID = 155 0 0.477 0.105 |0
ID = 298 0 0.038 0 0.076

Fig. 3. Example of probabilities

Fig. 4. Computing facts about separation and boundary from SPAMS

{ if (1 2 [MIN; MAX]and pi; < MIN) then s; bounds sp;, indeed
low values meanthat s; is located at the extremity of the SPAM thus it is
a boundary (e.g.; Sz gure 4)

{ if(pir > MAX and pz < MIN) then s; isl nside an instance spy,
indeed thesevaluesindicate that s; is within the SPAM (e.g.; S, gure 4)

Computing the orientations. Each ertity hasthree orientations: (Right or Left),
(Posterior or Anterior) and (Superior or Inferior). To determine the orientations
of the segmetts w.r.t SPAMs, for example that a segmen s; bounds a SPAM
sp; with an anterior orientation, we compare the coordinates (x; y; z) of the
certre of the segmen, transformed into the referencespace,to the coordinates
(x% y% z9 of the SPAM certre.

The heuristic rules below abstract the orientations:

{ if x > x%then s iISRightT o sp, elses; isLef tT o sp
{ if y > y%then s; isAnter iorTo sp; elses; isP osterior To sp
{ if z > z%then s isSuperior Tosp; elses; isl nf erior To sp

Since sudh rules could not be used by KAON2, they were applied using a
C + + procedural program. The resulting role values, e.g.; separateséo, (pregr,
anterior To, rightT o, superior To), (pca, posterior To, leftT o, inf erior T 0))
are represerted in OWL (gure 4).
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2.2 Brain ontology and rules

The knowledge base consistsof the brain ontology enriched with rules [6]. For
the momen, the ontology about the sulci and gyri is represeried in OWL DL,

the rules in SWRL. They have beenedited using Protege OWL and the SWRL

plugin? (gure 5). During the construction of the ontology we have beenassisted
by a neurosurgeon,and usedthe Ono Atlas [5] and other sources®.

Fig. 5. Brain ontology and rules edited with Protege

{ Tb ox: the Thox provides the logical de nitions of concepts(classes),roles
(properties) and the assertedaxioms. For example, the necessaryand su -
cient condition to be a segmen of the right certral sulcusis*: RightCentral-
SulcusSegment  (( 9 MAEBoundg( 9 entity (9 partOf RightPostCe-
ntralGyrus)) u (9 orientation  Anterior))) u (( 9 MAEBoundg( 9
entity (9 partOf RightPreCentral Gyrus)) u (9 orientation  Poste-
rior))))  (gure 5). This OWL de nition expresseghat asegmen of certral
sulcusis bounded by a part of postcertral gyrus with an orientation which
is an instance of Anterior, and is boundedby a part of precertral gyrus with
an orientation which is an instance of Posterior.

2 http://protege.stanford.edu/
3 http://www.med.univ- rennesl. fri~d amemn/t hesis /dameronThesi s.pd f
4 this is not the exact de nition but a simpli cation for the example
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{ Rule-b ox: The Rule-lox contains all the rules extending the ontology, for ex-
ample the rule bellow expresseshat a boundary is propagatedfrom parts to
whole:isMAEBoundedBy(?x ?y) * hasSegment(?z, ?y) ~ SulcalFold-
(?z) ~ SulcalFold(?y) ~ MAE(?x)! isMAEBoundedBy(R, ?z). (g-
ure 5) If a material anatomical ertity x is bounded by a sulcal fold y, and
y is a segmen of z, then x is bounded by z. Such rules are neededto in-
fer the missing knowledge of the classesde nitions for instance retrieval.
Rules are also useful to expressqueries. For example,to nd all possible
instancesof gyri of which patchesp; of a ROI are part: Q(?X;; ::; ?Xp)
Niz1 oo n(AE(?x)) N partOf (pi; 2Xi).

{ Ab ox: The Abox cortains the individuals (instances of classes)and the
instancesof relations betweenthem as de ned section2.1.

All the knowledge, the ontology in OWL DL (Tb ox), the Horn rules (Rule-
box), and the facts (Abox), are gathered within a single le provided as input
to the reasoner.

3 Reasoning for brain labelling

Function free
OWL ontology
Horn rules
2 3
GYRI suLcl
IDENTIFICATION IDENTIFICATION

Fig. 6. Labelling process

List of segments
in the ROI

Final
annotation

Figure 6 shows the overall processof reasoning: (1) From the list of sulci
(segmernts) of the ROI and the list of SPAMs we get a table of probabilities
(such as Figure 3). This table is rst created as an XML le. The heuristics
preseried above derive the topological relations betweenthe anatomical ertities.
The resulting facts are stored in an OWL le. This le is merged with the
ontology, the rules, and the other facts coming from the numerical tools. (2)
From this le, the inferenceenginelabelsthe patchesas described below. The
user validates the result. (3) Next, the reasonerlabelsthe sulci accordingto the
ontology de nitions enriched by rules. The user validates this step, and nally
the labelled image is obtained. The reasoningis performed as follows :

Latelling the patches. The patchesare rst labelled using the rules below. The
main rule usedis arule (Ry ) that makesa matching betweenthe facts extracted
from the images by the numerical tools and the facts computed about their
boundariesand orientations w.r.t the SPAMs:



Semartic Annotation of Brain MRI images 7

MAEBounds(?x,?y) » SulcusSegment(?x) " AttributedEntit  y(?y) " ent-
ity(?y, ?z) ™ Gyrus(?z) " orientation(?y, ?b) ~ MAEBounds(?X,
?c) N AttributedEntit  y(?c) © entity(?c,  ?2d) N Patch(?d) ~ orient-
ation(?c, ?b") " Orientation(?b) " Orientation(?b") N sameAs(?b,
?b) ! partOf(?d, ?2)

This rule expresseghat if it is known from the extracted facts that a segmen
X bounds a given patch d with a given orientation b and it comesout from the
computed orientation that x boundsa SPAM z with the sameorientation, then
this patch belongsto the gyrus corresponding to that SPAM. The probability
assaiated to it is the probability p; calculated as explained section 2.1.

As there is a possibleincertitude in the computed orientations mainly due to
the approximations causedby the SPAMs, it may occur that a segmen bounds
two SPAMs with the sameorientation, hencea patch d is inferred to belongto
seweral gyri szith probabilities p;. To decideto which gyrus d nally belongs,
we calculate  (p;) for eadh gyrus and keepthe gyrus with the highest result.
The secondrule (Rs) below infers boundaries from a separation: if a given
sulcusseparatestwo gyri then it bounds ead of them. This rule is usedto infer
boundariesfrom the known separations,information which is neededto re the
rst rule above.

separates(?x, ?y) * SulcusSegment(?x) * MAEPair(?y)  firstEntity(?y,
?z) ™ secondEntity(?y, ?a) ™ AttributedEntity( ?z) ™ AttributedEnt-
ity(?a) ! MAEBounds(?x,?z)

Lakelling the sulci. After the patches,the sulci are next labelled thanks to the
ontology de nitions and the rules. If a given segmern s; satis es a de nition of
a given sulcus su; in the ontology, i.e. if it meetsthe necessaryand su cien t
condition of su;, then s; is classi ed as an instance of su; .

Simpli e d example.

{ Let be a segmen sy and two patchesps, p, of the ROI.

{ the facts provided by the numerical tools include the individuals p; and p;
and the relation separates6p, (p1, anterior To, rightT o, superior T0), (p2,
posterior To, leftT o, inf erior T 0)) whereanterior To, rightT o, superior T o,
posterior To, lef tT o, and inf erior T o are respective individuals of the classes
Anterior, Right, Superior, Posterior, Left, and Inferior.

{ the factscomputedfrom the SPAMs include the relation separateség, (prcgr,
anterior T o, rightT o, superior T o), (pcgr, posterior To, lef tT o, inf erior T 0))
where prcgr: RightPreCentralGyrus and pcgr: RightP ostCertralGyrus.

The labels of the patches are obtained by answering the query Q(?xi, ...,
&n)  MNi=1 o n(AE(?X;)) N partOf(pi, ?xi). Applying the rule Rs, facts about
boundariesare derived from the initial facts about separations,then asthe body
of the matching rule Ry can be satis ed by bindings its variable to known
individuals, the reasonerinfers: partOf (pg; prcgr) and partOf (p2; pcg). Next,
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at a secondstep, the labelsof the segmeits are obtained from the classde nitions
in the ontology. As sy satis es the N&S condition of RightCentralSulcusSegmet,
the reasonerinfers that sg is an instance of the RightCentralSulcusSegmen

4 Results and discussion

Fig. 7. Results obtained with KA ON2

This sectionpreseris someresults obtained for real data with the method pre-
serted above. The experiments are achieved with the reasonerKA ON2%, which
acceptsontologies extended with rules [2]. The region of interest is the auto-
matically extracted region displayed gure 1. We used45 SPAMs corresponding
to the most important gyri of the brain. The MIN value approximated from
the computations is 0:05 and the M AX value 0:75.

Lakels of patches. The SPARQL query® SELE CT 2x ?y WHERE ?x rdf:itype
a:Patch ; a:partOf ?y asksfor eat patch all ertities it is part of. The answers of
KA ON2 to that query provide the labels of the patches, for example patch P6
is a part of the right superior temporal gyrus (gure 7).

Lakelsof sulcussegments. The query SELE CT ?2x WHERE ?x rdf:type a:Right-
CentralSulcusSegmei asksfor the right certral sulcussegmets. KA ON2 returns
the segmen 183 ( gure 7), which is the single segmen of the right certral sulcus
for this ROI.

5 http://kaon2.semanticweb.org/
% The query language of KA ON2
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The labelsinferred by the systemare exhibited in gure 7. Most of the labels
are the same,exceptfor P 3 for which the label inferred by the systemis wrong.
For examplethe patch P8 is inferred to be a part of the right precertral gyrus,
P1 is inferred to be a part of the right postcertral gyrus, and the segmen
183 is inferred to be an instance of the right certral sulcus segmenm, which is
correct since it separatesparts of the right precerral gyrus from parts of the
right postcertral gyrus. This is an ongoing work. It will be interesting in the
future to asses$iow this percertageis a ected by various aspectsof the ontology
and rules, and the respective e ect of the SPAMs and of the reasoningon the
results. The proposedmethod was adapted to comply with somelanguageand
tools limitations, in particular with the versionof the KA ON2 reasoneravailable
online and the Protege SWRL editor, for example:

{ For the momen the ontology was simplied using OWL DL instead of
OWL1.1[7]. We used existertial restriction instead of qualied cardinality
restrictions (QCR). But, it should be noted that the real Th ox requiresboth
QCR, disjunctions, inverse.For example, the ontology should expressthat
ead right PostCertralGyrus is bounded exactly by one right CentralSul-
cus. Besides,the rules cannot be expressedasrole inclusion axioms (cf. rule
(Rwm ) or the rules of the online Annex at http://www.med.un iv- rennesl.
fr/~cgolb/Brain/a  nnexes. pdf ). Thus the required knowledge is not ex-
pressiblein the EL** or in OWL1.1.

{ we de ned subclassesf Orientation, e.g.; Posterior, Anterior etc. with indi-
vidual e.g., posteriorTo and used existertial restrictions instead of enumer-
ation or hasValue restrictions, becauseKA ON2 doesnot support nominals.

{ KA ONZ2 reasoneris basedon the DL-safe rules assumption [2]. Although
the rules usedfor our systemare not DL-safe, KA ON2 providesthe expected
answers for the reported experimerts. Indeed, in these casesthe rules were
red, becausegiven the initial facts asserted,their body was satis ed by
bindings their variables to known individuals. Howewer, this approadc is
not always relevant and situations may occur where solutions are missed
becauseof the existertial construct. For example, a patch is de ned with an
existertial in the equivalent classexpression(rhs). Hence,it may happen in
somecaseghat arule expressingthe propagation of a property from parts to
whole cannot be red, becausean instance of Patch is de ned without being
connectedto a known instance of gyrus by the relation partOf [3]. KA ON2
doesnot draw all the consequenceaccordingto the rst order semariics of
SWRL, but only consequencesinder the "the DL-safe semartics".

{ all n-ary relations were transformed into binary relations, using rei cation
for examplewe de ned an arti cial classAttributedEn tity for it. The ontol-
ogy was edited using Protege rules editor which allows to edit only SWRL
rules and doesnot support ordinary predicatesthat are not DL predicates.
KA ON2 extendsthe standard SWRL syntax and o ers a swrl:PredicateAtom
that allows ordinary predicates, but accordingto the authors their SWRL
extensionswere still experimental at the time of theseexperiments. It would
be preferred to have a language extension and tools allowing n-ary rela-



10 A. Mechouche!, C. Golbreich?, B. Gibaud*

tions. N-ary relations is a generalneedsfor example also encourtered with
the Foundational Model of Anatomy ontology which exhibits more than 30
attributed relationships and where more than 2300 nested classeswere gen-
erated for their values [4].

{ The heuristic rules section 2.1 were implemented in C + +. A declarative
approach was not possible with KA ON2 since at the moment it does not
handle OWL DL datatypesor OWL1.1 user-de ned datatypesand restric-
tions involving datatype predicates.

5 Conclusion

This paper reports the current stage of developmert of an hybrid system com-
bining numerical and symbolic techniquesfor brain MRI imagesdescription, and
its presert limitations. The method is basedon an OWL DL ontology extended
with rules, and facts coming from numerical tools and SPAMs. Future work will
investigate how to overcomesomeof the work-arounds employed to circumvert
the limitations encourtered with the represenation and tools used. At the mo-
ment the method was only tested over a limited set of brain imagesthat did not
exhibit a lesion. The experiments will be extendedto more casesand to brain
images exhibiting a lesion in order to assessts robustness.Automatizing the
annotation of the semartic content of digital imagespresers promising perspec-
tivesfor new applications suc as retrieval of similar casesfor decisionsupport,
or statistical medical studiesin large populations.
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