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Abstract. OBJECTIVE To develop a platform that incorporates the bieneff
semantic Web technologies into traditional canegistries.

BACKGROUND: Cancer registries are important for research hadrtanagement
of the cancer treatment. Many technological sohgiare available to manage
data for cancer registries nowadays, however, dbke of a well-defined com-
mon semantic model is a problem when customizabédysis and linking of
data to external resources are required.

MEeTHOoDS OWL ontologies and an RDF repository were emploj@d the
transformation of a cancer registry database inderaantic enabled represent-
ation. The feasibility of the approach was testétl simulated data.

ResuLTS An ontology representing the semantics of an umstihal cancer reg-
istry was developed. We implemented a platform whbe complex timeline
of the patient's disease can be clearly represeriteateover, the semantic
structure of the representation renders it eagntlyse key figures on aggre-
gate patient level.

CoNcLusioN: The presented platform is an example of the pamddieelopment
of ontologies and applications that take advantdgemantic web technologies
in the medical field.
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1 I ntroduction

Regional and epidemiological cancer registriesiamgortant for cancer research
and the quality management of cancer treatment.yMachnological solutions are
available to collect and analyse data for canagistiges nowadays, however, the lack
of a well-defined common semantic model is a pnwbighen user defined analysis
and linking of data to external resources are requi



To solve this problem, we have designed a semamtidel for local cancer regis-
tries and implemented it with semantic web techgplin a feasibility study. Our
proposal is based on our previous results and exper working with semantic tech-
nologies. We use OWL [1] ontologies and an RDFrgository, for transforming a
traditional cancer registry database into a trgitge based on the semantic informa-
tion derived from the requirements and the dataltiseture. For semantic retrieval
of data we employ SPARQL [3] queries.

Based on the requirements analysis, an OWL ontoloag/ been developed that
models the semantics of an institutional canceistggin a pragmatic extensible way.
Based on this model, we have implemented a Sem#reic platform that allows to
transform and store data from cancer registridRDir repositories. With a graphical
user interface of this platform, users can alsmfdate incremental user-defined que-
ries. The query results can be displayed in seversiomizable ways. The complex
timeline of the disease of individual patients damn clearly represented. Different
events, e.g. different therapies and courses oflitease, are presented according to
their temporal and causal relations. Moreover,smantic structure of the represen-
tation renders it easy to analyse key figures @rexgate patient level.

We have applied our approach using the requirenadritse cancer registry of the
Comprehensive Cancer Center Freiburg (CC@R}l used simulated data to generate
a semantic repository. A prototype web platform haen implemented demonstrat-
ing appropriate functionality and performance.

2 Background

21 Cancer registries

Cancer registries are complex structures for treua@ntation and analysis of data
from patients diagnosed with cancer [4, 5]. Diffareypes of cancer registry are or-
ganized to collect patient data from institutiomssijtutional), regions (regional) or
countries (epidemiological). Whereas epidemiologiegistries provide mainly popu-
lation based information on morbidity and mortalitystitutional and regional regis-
tries can provide fine-grained information on treaht and conditional survival.

Information of regional cancer registries servefedént requirements. Besides
others, the quality control of patient care, thenparison of patient-related outcome
parameters and research support are the most pomimes. Institutional and re-
gional registries are also the main data sourcegatemiological cancer registries.

Regional cancer registries collect information abitne diagnosis, therapies and
course of the disease [6]. Detailed informationttws histo-pathology of the primary
tumor including tumor staging and grading is magbértant. The longterm follow-up
of the patients’ vital status is one of the reseuntensive tasks of tumor registries
providing the basis of survival analysis.

Most information is derived from primary documeigataimed at patient care. For
the purpose of structured secondary documentationpr documentaries carefully

1 http://wwv uni klinik-freiburg.de/ cccf. htn



reprocess primary documentation and code mosteofrformation especially of the
diagnostic and treatment information with clinicalding systems (ICD-10 [7], ICD-
0-3 [8], TNM [9], and others). In many countriesstandardized common dataset has
been developed to better support exhaustive datiaaege with the epidemiological
cancer registries.

For collection, storage, retrieval and analysissaivelectronic solutions are avail-
able (e.g. METRI® Oncolog Registior CNEXT*). Proprietary systems have been
developed for large institution. Software for cancgistries has to fulfil a large set
of rapidly changing requirements. Scientific pragreand changing legal conditions
complicate the development process and the staizd#ioh of cancer registry soft-
ware.

2.2  Standardsand Classification Systems

The most important clinical classification systeppléed in cancer registries is the
ICD-10 (International Statistical Classification Dfseases and Related Health Prob-
lems). This classification system is divided in teas, with blocks of diseases. For
example, chapter Il includes the classificationfeoplasms between the blocks C00
and D48. These blocks are subdivided in hierardhiasfurther specify the diagnosis.
The ICD-O (International Classification of Diseasek Oncology) is a domain-
specific extension of ICD for cancer diseases. dlassification system is dual allow-
ing the coding of topography (tumor site) and meotpby of the tumor. This coding
system is of particular interest because SNOMEDEO (Systematized Nomencla-
ture in Medicine — Clinical Terms) has adopted tBB-O classification of morphol-
ogy.

Several staging systems for cancer have evolvedtowe and continue to change
with scientific progress. The most important clisation system is the TNM classi-
fication for the description of the anatomical entef the disease. This system is
under constant development of the Union for Intéomal Cancer Control (UICC)
and the American Joint Committee on Cancer (AJO@G® TNM stating is based on
the size and/or extent (reach) of the primary tu(igy the amount of spread to near-
by lymph nodes (N), and the presence of metast@bi®r secondary tumors formed
by the spread of cancer cells to other parts obtudy.

Clinical procedures are coded, e.g., with the ICIPTS (Procedure Coding Sys-
tem) [11]. In this system, each code has severaalpheric characters. The character
position indicates the clinical classification @ietprocedure. For example, the first
position is used to define the surgical sectioa;gcond position is used to define the
body system.

2 http://ww. el ekta. conf heal t hcare-
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2.3 Semantic web technologies

The Semantic Web can be seen as the next-genevatlmnn which information is
given well-defined meaning, better enabling compusad people to work in cooper-
ation [12]. Ontologies [13] constitute the standmbwledge representation mecha-
nism for the Semantic Web. Technologies like OWL tlee ontology construction
enable a formal representation of the domain.

Important international initiatives [14, 15] strive ensure that the Semantic Web
becomes a fundamental system to achieve consatehtmeaningful representation,
access, interpretation and exchange of clinical.dBlie focus of our work lies in the
intersection between the research domains of krdpgelemanagement and health
applications, in which there is an increasing usthe semantic web technologies for
managing the knowledge of health information systehtere are a lot of studies that
use semantic web technologies like OWL to represanter diseases. To mention
some examples, in [16] an ontology for modelingiickgenomic trials on cancer has
been developed. In others works [17, 18], ontoldet represent a concrete type of
cancer disease have been developed and used aoitk&uction of technical solu-
tions.

In our approach, we try to take advantage of thet features of the combination of
semantic technologies like OWL and RDF. This mehas part of the processing will
be performed using OWL (domain level) and the eshg RDF (data level). For
querying the information we will use SPARQL.

3 M ethods

3.1 Ontology construction

Best practices in ontology engineering recommentbtse existing and to create
modular ontologies [19]. These recommendationsimptemented reusing concepts
from different ontologies so that the resultingadogy infrastructure is likely to be a
networked ontology. The OBO Foundry has also deeloa series of principles for
ontology construction which propose principles foodularity, orthogonality and
reusability [20].

Our method for constructing the domain ontologgdus this work consisted on
identifying the main entities that should be reprisd, searching for existing ontolo-
gies containing classes representing these entidscting the most appropriate ones
(by our subjective criteria), and extending thenewtmecessary. The final ontology
has been implemented using ProtéigeOWL-DL, which is the OWL subset based
on Description Logics. By proceeding in this walye tdomain knowledge is made
explicit in a set of OWL axioms and therefore reéalype exploited by means of au-
tomated reasoning.

5 http://protege. stanford. edu/



3.2 Datatransformation and exploitation

Clinical data are usually stored in relational atses. Different methods and tools
are available for the transformation of relatiomlta into semantic formats like
D2RQ or Triplify’. Most approaches perform a syntactical transfdomathat is,
they are based on the mappings between the redhtmil semantic primitives of the
corresponding models resp. languages. Consequéimiyneaning of the content is
not really exploited in such transformation proessdn this work, we use a transfor-
mation approach which more likely preserves thenimgaof the contents based on
the specification of mappings between the entifethe source relational schema and
the entities of the target domain ontology.

For this purpose, we use SWIT [21], which is ounaatic transformation engine
capable of generating RDF and OWL repositories ftmoth relational and XML-
based databases. Besides transforming the data] $vévents the generation of
inconsistent semantic data sets with the suppoltLofeasoners by not transforming
inconsistent source content. The transformatiorhatehas three main steps: (1) def-
inition of the mapping rules between the fieldsted database and the ontology; (2)
generation of the OWL data; and (3) importing th&/lOdata into the semantic data
store. We use VirtuoSas data store. Virtuoso has been used in otheicaiagdorks
as [22]. Our semantic data store uses OWL filesatee the ontology axioms and an
RDF repository to persist the individuals. Thismpis separating the semantic model
from the semantic data.

SPARQL is used as retrieval language used for egprg and issuing queries over
the data store. We use our ontology-guided inpxit sabsystem called ODS [23] to
facilitate clinicians the exploitation of the dastore,. This tool is an editor for
SPARQL queries supported by OWL models. The toelsufie underlying domain
ontologies to show the necessary information taallg define SPARQL queries.

3.3 Generation of smulated data

In this work, we have generated a set of simuldtstd of a cancer registry by us-
ing random functions to assign a value of each gntypof a patient with a diagnosed
cancer. We have ensured that some patients have than one cancer diagnosis.
Each diagnosis was assigned more than one treatepsbde with a maximum
treatment period of twelve months. Plausibility sifnulated data was ensured by
rules.

34  Semantic profiles

We define a semantic profile as a set of relatems properties that some individ-
uals have. Semantic profiles permit to identify ugye of patients that share some

http://d2rq. org/
http://triplify.org
http://virtuoso. openli nksw. conif dat aspace/ doc/ dav/ wi ki / Mai n/
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properties and are therefore useful for comparimdy studying such groups. Ontolo-
gies are of special interest for creating profilesause they allow for aggregation and
selection of individuals from a conceptual persivect

In this work, the semantic profiles are built bsing the entities defined in a do-
main ontology. We have generated two major semamidiles, namely, timeline
representation of a patient with cancer and aggeedgaisease timeline representation
of a patient group with some common properties.

Disease timeline of a cancer patient

In the disease timeline of a patient various headthted events occur (e.g., diag-
nosis, patient conditions, therapies and the déseasrses). Retrieving these events
of a patient required us to perform some data nlizatéon for representing therapies
by months. Figure 1 shows that every diagnosis dmasssociated timeline which
includes therapies and the disease course, bo#reatdy month. E.g., for a breast
cancer patient we can show the timeline with thgiagd therapies (surgical treatment,
chemotherapy, etc.) for every period. Furthermeve,can show the course of the
disease and its relation with changes in therapgisb includes the date of the diag-
nosis and the date of the last encounter with dieept. At last, the profile contains
the list of all patient diagnoses and a list whk patient conditions, including all its
properties.

PROPERTIES
START
AGE DATE
LAST
GENDER REVISION
DATE

CANCER DISEASE MATRIX

[MONTH 1]MONTH 2] MONTH 3 [MONTH ...|
PATIENT [DIAGNGSIS 1] [THERAPY 1]
PATIENT SEMANTIC >
CONDITION LIST PROFILE [DIAGNOSIS 2] [ THERAPYZ |
[DAGNOSIS 3
DIAGNOSIS ..
y
CANCER
DIAGNOSIS LIST

Fig. 1. Schema of semantic profile of a cancer patient

Aggregated disease timelines of a group of patients

The aggregated timelines of a patient group (sgar€i2) include all events of the
selected patients that have the selection critarikommon, for a given period, and



for a concrete diagnosis. An ontology-driven seascperformed for the selection of

the patients. This permits to create groups ofepadi with the same diagnosis, stag-
ing, grading and age range. Second, the semartiitegrof each group member are
obtained. Third, the semantic profiles are globaltalyzed to retrieve all data on the
included events. The result is a matrix that corstéine disease courses of the includ-
ed patients for every month of the disease.

ONTOLOGY

DRIVEN =G ENERAT E=——>{ F;;AJ(I)EUNFT
SEARCH
CALCULATE SEMANTIC PROFILE OF EVERY PATIENT
AGGREGATED
DISEASE
TIMELINE OF A
PATIENT GROUP
CALCULATE CALCULATE
MATRIX
DISEASE  |«——RECALCULATE T'rié-lgF:I?’(Y
EVOLUTION

I—SELECT A CONCRETE THERAPY

Fig. 2. Overview of the generation of aggregated disdasglihe of a patient group

4 Results

The approach described in the previous sectiorbban applied in an institutional
cancer registry scenario. Based on the requireamaliysis [24, 25], an ontology was
developed that models the semantics of an ingfitaticancer registry. We have used
this model and SWIT for transforming and storingngliated data from cancer regis-
tries in a semantic data store. We have implemeatS&g@mantic Web platform that
permits users to formulate incremental user defigadries with a graphical user
interface based in ODS. The query results can bglalied in several customizable
ways, allowing the generation of dashboards on dem@he complex timelines of
the disease of individual and aggregated patiearide clearly represented.

4.1 Theontology

In the last few years, several cancer ontologie® teeen developed. For the pur-
poses of this work, we have built a preliminaryaarregistry ontologybased on the
existing ontologies and fulfilling the requiremenfsa local cancer registry. This first
draft ontology represents some aspects of canseasis and their treatment prag-

° http://sele.inf.um es/ontol ogi es/ cancer-registry. ow
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matically. The ontology has been defined in OWL-Ohe ontology contains a total
of 335 classes, 18 properties and 29 object priegemith 2.581 logical axioms. The
ontology covers the following classes:

4.2

Patient represents a person with any type of cancer dis@asperties: gender,
birth date, diagnosis, therapies and disease caurse

Patient condition represents the health condition of a patient givan time.
Properties: reference date, age, weight, heightnd€aky index [26], ASA in-
dex [27] and the menopause status.

Diagnosis represents the patient diagnosis at a given tineperties: ICD10
code, grading, staging, therapies, date, pathabgitructure, anatomical
structure and tumor type.

Therapy represents the patient therapies of a diagnosisgaten time. Differ-
ent kinds of therapy aShemotherapy, Surgical Treatment, Nuclear Medicine
and others have been modeled in the ontology adamdes ofrherapy class.
Properties: medication, start date and end date.

Disease course represents the patient disease course of a dimgaba given
time. Different kinds of course &omplete remission, Progression, Recur-
rence and others have been modeled in the ontology laclasses oDisease
course class. Properties: patient conditions and date.

The ontology also includes some classes to représen’NM classification
system of malignant tumors. They include anatonecdities for cancer grad-
ing and staging, e.@rimary tumor, Regional Lymph Nodes andDistant Me-
tastasis hierarchies.

Health Classification System is the superclass of all classes representing cod-
ing artifacts of health related classification syss. To build the taxonomies
of classifications for a cancer registry, we triedreuse other ontologies. For
the ICD10 code we use the ontology built in [28pr FCD-O and ICD10-
PCS?®, we have transformed spreadsheet versions into OWL

The semantic cancer registry system

We implemented a prototype systeérhased on the methods described in previous
sections. Figure 3 shows the three main parts isfaystem. The upper part of the
figure shows the data transformation module, wimetkes use of SWIT to transform
the original data in semantic information storethi@ Semantic data store.

The cancer registry ontology is the core of théesypsthat allows for computation-
al management of the information related to theceampatients. All the services of-
fered by the prototype are implemented on top ©f tore. The data transformation
requires mapping the source data schema to thecesgistry ontology.

The lower part of the figure shows the other twadmies of the system. The right
one shows the module for the analysis of individoatients, that is, extraction of
profile and timeline analysis. The left one shole thodule for the analysis of groups
of patients, which also includes the functionafity graphical access to the disease

0 http://sele.inf.um es/ontol ogi es/ | CD10_PCSv1. ow
M http://sele.inf.um es/ SECARE/



courses of patient groups. The Ontology Driven &ear (ODS) permits to create
group of patients with semantic properties in commihe ODS generates charts and
tables with accumulated data of the semantic rémysiln this case, the ODS has an
option for adding the concept or property by whiclgroup, so that it can be consid-
ered as a customizable dashboard designer. Wihddshboard, the user can select
and aggregate the information on every class ok&meantic model. This tool is used
as base for the construction of other servicestlieegraphical representation of the
aggregated timelines of a group of patients orctiomizable dashboard.

The dashboard visualizes the concepts of the nasdeharted and grouped form. It
is based in the ODS and can generate multiple imen¢al dashboards on demand.
E.g., the user can generate a pie chart selectitignps by their first therapy. The user
can save any dashboard for querying the resultowithaving to generate it again.

| STAGE 1. LOCAL DATABASE TO SEMANTIC DATA STORE
CANCER REGISTRY
ONTOLOGY
LOCAL SEMANTIC
DATABASE DATA STORE
SEMANTIC
TRANSFORMATION
ENGINE
Y
DEFINITION OF A
PATIENTGROUP  —— ] oNTOLOGY DRIVEN SEMANTIC PROFILE | CANLILC A,
ER EXTRACTION o PROFILE

g SEARCHI
DEFINITION OF A /
GROUPED QUERY + v
'SEMANTIC PROFILE OF A\ { PATIENT
Cus’ LE
DASHBOARD

PATIENT GROUP - SEMANTIC PROFILE
STAGE 3. GENERATION OF AGGREGATED DISEASE TIMELINE OF A ‘

REPRENTATION OF
THE DISEASE
TIMELINE

DISEASI
TIMELINE OF A PATIENT DISEASE TIMELINE
GROUP
PATIENT GROUP OR CUSTOMIZABLE DASHBOARD

STAGE 2. GENERATION OF DISEASE TIMELINE OF A CANCER PATIENT

Fig. 3. Overview of the system

4.3  Simulated use case

We have performed an initial evaluation of the sgstWe have generated a simu-
lated database with 207.190 patients. The timghertransformation since relational
database to semantic datastore of the simulatesl Itk been thirty-two minutes.



Table 12 shows that the time performance of the semantastiare is slower than the

relational one for basic queries, without joinswéeer, when we try to join the data,

the semantic datastore is better than the reldtimodel, even with indexes. The re-
sults obtained when we filter by a property of thass or the table, the semantic
datastore also is faster than the relational one.

Table 1. Results of the migration of the relational dat&b#s the semantic data
store

Query SQL count SQL SPARQL SPARQL
result time count result time
Recovery all Patients 207.190 0.060s 207.190 0.189s
Recovery all Therapies 400.290 0.132s 400.290 8.317
Recovery all Diagnosis 240.088 0.070s 240.088 &220
Recovery all Courses 108.297 0.030s 108.297 0.155s
Recovery patients with diagnosis, 207.190 1.048s 207.190 0.204s
therapies and courses
Recovery all female Patients 105.714 0.231s 105.7140.189s
Recovery all female Patients with 62.603 0.245s 62.603 0.192s

more of 60 years old

Graphical representation of the disease timeline of a patient

This service permits users to observe the maingstigs of the timeline of a patient
with a cancer disease. In this view, users cantseeletails of the diagnosis and of
every applied therapy in each period. Besides,suser provided with two evolution
charts, which are based on the patient course lamdKarnofsky index. Figure 4
shows an excerpt of the therapy and course timeligepatient with pharynx cancer.

Patient disease course

'r\inet‘)p\asms | f I | cavi d ph

alignant neoplasms of lip, oral cavity and pharynx

Malignant neoplasm of nasopharynx OtherTeletherapy

Overlapping lesion of nasopharynx View detail
View detail

'r\il‘ei‘]_p\asms | T li | cavi d ph
alignant neoplasms of lip, oral cavity and pharynx

Malignant neoplasm of nasopharynx Chemotherapy

Overlapping lesion of nasopharynx View detail
View detail

Disease courses:

{ ) |

Fig. 4. Excerpt of the timeline representation

Graphical representation of the aggregated disease timeline of a patient group

12 The test has been realized in a local machine MitSQL 5 as relational database and Vir-
tuoso 7 as RDF repository.



Figure 5 shows patient selection and aggregatiothbyfollowing criteria: male
patients with an age between 50 and 70 diagnosttdoslorectal cancer who have
received Chemotherapy.

After selection and aggregation, the system geeeretarts that contain the thera-
pies and the disease courses of the patients.s€migce can be employed as an ex-
ploratory therapy simulator. Optionally, the entii@e matrix can be recalculated by
the selecting a certain therapy. This can helputer to estimate which therapy is
likely to be the most appropriate. Figure 6 showexcerpt of the first two months of
the therapies analysis panel of a group of 60 pigtie

I want to 1.'&:(:0‘.ferym " where: Add statement

Has diagnosis ~ | Diagnosis - Add statement Delete statement
has pathological structure ~  Colorectal cancer (Colorectal_cancer)
AND Gender ~ Is equal 10 M

AND | Age ~ Is greater or equal than ~ "5

AND | Age - |Is less or equal than 70

anp has therapy ~ [Chemotherapy

Search

Fig. 5. Ontology-driven searcher view

Analysis Panel

The analysis is based in 60 patients

Therapy in 3 months

Month 2(over 44 therapies)

Select therapy: | ‘ -

Update recommendation
Month 1(over 76 therapies)

M OtherTelstherapy

W Other_high-voltage_radiotherapy
W SurgicalTreatment

B[ OtherTeletherapy W Chemotherapy
M| Other_nigh-voltage_radiotherapy B Other_med_therapy
M| surgicalTreatment | Other_Anti-hormoneTherapy

B Chemotherapy

W Other_med_therapy
| Other_Anti-hormoneTherapy
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Fig. 6. Excerpt of the aggregated disease timeline ofiaqtagroup

5 Discussion

The main result of this study is the developmend &emantic Web platform that
facilitates the analysis and visualization of ditan cancer registries including (1)
the representation of the disease course of arpa(®®) the representation of the ag-
gregated disease courses of a group of patierdg3rthe definition of customizable
dashboards for patient selection and visualizaticthe data.

Our approach allows to provide powerful and presiearch capabilities assisted
by a customizable dashboard adaptable to the ergaimts of each user. The query
editor has been developed guided by OWL, providiguser the possibility of de-
fine statements in a more intuitive way than if wgeed a traditional relational model.
Furthermore, the use of a NoSQL database like aR RIpository allows building a
robust and scalable architecture for big clinicatadwarehouses [20]. Other im-
portant advantage of semantic knowledge modelinthaspossibility of sharing in-
formation and comparison of clinical cases and gsses.

The use of simulated data has demonstrated thdityiakf incorporating a local
cancer registry to this model. A comparative perfance analysis of relational data-
bases and semantic repositories demonstrated excplrformance measures for the
semantic repository.

Rule-based systems and logic-based models have deeerantic approaches ap-
plied to cancer registries, like analysis of carregiistry processes [29], quality assur-
ance [30] and decision support [31]. Our approadiovates by combining traditional
technologies like relational databases and semamfl technologies like OWL and
RDF. We have created an OWL ontology for repreagntome aspects of an institu-
tional, local cancer registry. We have developed®Bx repository whose structure is
driven by the OWL ontology and permits to work bypiting the semantics of the
content, so avoiding the need to care about tlatioehl data structures, which facili-
tates the sharing of the content. Our technologitdahstructure has permitted us to
develop a semantic searcher for navigating thrahghcomplete cancer registry, to
extract semantic profiles of the patients, andnalyze the structure of disease cours-
es.

One limitation of this work has been to work witlpieliminary version of an on-
tology of epidemiological cancer data. This ontglogeeds to be reviewed and ex-
tended, although it has been enough to demongtrateéhe semantic exploitation of
this type of clinical data is possible in a robaistl scalable way.

Another limitation of this work is the lack of redhta to test all the services and
the quality of our domain ontology. The use of réafa would enable to (1) test the
performance of the system with a realistic volurhdata and (2) evaluate the impact
of missing data in the performance of the systeetahbse cancer registry quality
assurance studies have revealed that they oftérstame data [30]. We plan to per-
form a real study with data from a large local @n@gistry, which might also in-
clude a clinical validation.



Furthermore, we would like to perform term enrighmhanalyses [32] to estimate
the use, for instance, of the ICD-10 codes. Finaly would like to use this model to
generate rules that serve to generate patient graufpmatically or for quality assur-
ance of the data.

6 Conclusion

This work demonstrates that the ontologies andRIRE repositories can be effec-
tively combined for exploiting a local cancer rdgisOn the one hand, we construct-
ed an ontology that models the knowledge of loealker registry. On the other hand,
we have used semantic web technologies for buildiptatform to analysis the com-
plex timeline of a patient with cancer. Besidest semantic structure has allowed
representing the aggregated disease timeline afianb group.

The semantic infrastructure has also permittedgimeration of graphical repre-
sentations of the stored knowledge in the canagistrg with the generation of cus-
tomizable dashboards.

The presented platform is an example of the pard#eelopment of ontologies
and applications that take advantage of semantic t@ehnologies in the medical
field.
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