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Abstract

Introduction: Nowadays, cancer is a major burden of disease worldwide. Each year, tens of
millions ofpeopleare diagnosed with cancer around the world, and more than half eventually die
becoming important the surveillance of the population and the

Objective: Developand evaluate the performance of a Bayesian model that could optimize
data introduction oBreastCarsoftware.

Methods:The Breast Care dataset wa ®dl@sBmtentsl ed by
since 2001 and September of 2fihB Centro HospataUniversitario de SadA\lefievards, a data
collection was done in imagiology department from hospital to improve the dataset. The dataset
was imputed, to meet the criteria of thechitibing algorithm. Lastly an assessment of variables
have been done.

Results:We stéed with38 variables selected from the software, after imputation all of them
were fulfilled and submitted to prediction model. Onéyridblesvere available to assessment.

Conclusion:BreastCare does not have a validated method to optimize the data stsertion,
we think that our model will be one valid method to implement and it will decrease the missing
values thought the alerts given to the user.

Key words.breast cancer, BreastCaliajcal decision support system, bayesian approach
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Preamble

In the year 2011, | started to stirbBdiotherapy d@he School of Health Polytechnic
Institute of Portg finishing in 201%Afterwards) joined theMa s t ire Me@lisal Informatics
taughtboth by theFaculty of Medicine artle Faculty oBcience of the Universiby Porto
(FMUP & FCUB), in 2016 Nowadays, | am working as a Therapeutic Radiograptier in
Portuguese Institute of OncolagyPorto.

At the end of myegree, no opportunities were available in Radiotherapstaged to
researcfor ama s tpeogrdmscapable of giving me new tools in healthddfesntiating me
from my colleagues and other health professidnhle Me di c al | nwWamthemat i ¢ s
answeto improwemy healthinformatics skills and knatdge through a variety of scientific and
technical issuesuchascomputetbased patient records in general practices and hgsipitals
analysis and image processirgision support systerasd implementation and evaluation of
information systemsid technologie®uring the Master’s, | had the opportunity to collaborate
as aFunctional Consultam Healthy Systems, a spihof the University of Port@UP)with a
focus on computer security in the hospital environment. This opportunity allowed me to contact
with the hospitaetting,developng my curiositytowardselectronichealthrecords andlinical
decisionsupport systemsThis curiosity reminded noé BreastCare, a software presented by
VirtualCare, another UP sqiff, in theunit of Medical Signals and Imagingnmy first yeaiin
t h e malsstsadtwadess ableregiseérinformation about symptoms, morphology, site of the
diseasanddata fran the screening testslated to breast cancBne problem here is that data is
missing. Health professionals are not fulfilling the registry, so we thought about joining Bayesian
networks to the equatioim a way of solving the problem.
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1. Introd uction

Nowadays, cancer is a major burden of disease worldwide. Each year, tens of millions of
people are diagnosed with cancer around the watlthae than half eventually dieséveral
countries, cancer ranlisthe secondeadingcause of deatploballyfollowing cardiovascular
diseasedleverthelessancer will soon becortie first leading of deattjven that cardiovascular
diseases treatment and prevention had significantly improved in the pds2y&aesGlobal
Cancer Olervatory (GLOBOCAN) databa$em International Agency for Research on Cancer
showed in 2018, 52% and 56% for malds58f6 and 44% for females new cases and deaths
respectivel{B335). Consideringnly male population, lung can¢13%) is the mostommonand
the majorcause of deafl22%) whereabreast cancer (24%)d (15%) is in female population.

raises as the most common diagnosed and leading cdest¢h@f5%) in thefemale
popuation(335).

Breast cancé&sbecomngone of t he most horri f ydthough exper
when identified and treated in eaygeathas relatively good prognag¥ One way to detect
cancer in earlier stages be reached by a national screening progragnealth professionals
can register arfdllow-up patientssawng all the clinical information on a digital datgbas®r
alorgp e r itimedtlie ®nly option for registering information about patients was through paper
Whenelectronic health recaEHRS werecreated some advantalgesame obvious on clinical,
organizationadnd societal outcomes. For example, in clinicainoescwve saan improvement
in the quality of care, a reduction idlived erroandother improvements in patidatel measures
that describe the appropriateness of Bagardingrganizational outcomtee inclusion such as
items like financial and operational performance, as well as satisfaction among patients and
clinicians who ugeHRs. Lastly, socatoutcomes include being able to conduct research and
achieving improveentpopulation healtl{7)

For all of thisand aimingad assist healthcare providegisteringhe information about
patientsBreastCarsoftware was deloped and implementékhis software works as a clinical
decision support systd@DSS) capable of combinimlnicalgppointmentsanatomy pathology,
imagiology, treatmeahd administrative systertisallows different providerso registeall the
information br apatient ironlyoneapplicationThis solution was designed by Virtual G4zg
a stadup hosted at the University of Porto.

To improve and optimize the datoductionon this CDSS, this thesis prog@sBayesian
approachBayesian networK8N) have emerged in recent years as a powerful data mining
technique for handling uncertainty in complex domains and a fundamental technique for pattern
recognition and classificatiogpresenting the joint probability distributiahdomain (or expert)



knowledge in a compact way and providing a flexible representation that allows researchers to
specify dependence and independence of variables through the network(8jr@zitnently,
someresearchetsave beeapplyingpayesiaapproaclowing tocomplexity challengetheath
domain(9,10%sincediagnoss, treatment outcomékl) prognosis fathe diseas@ 2)and adverse

drug reactiolil3)
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2. Aim

This dissertation intended ttevelopa Bayesian model, that cowgdtimize data
introduction on BreastCaseftware aiming toreduce error insertion or missing information,
addingvalueto thebreast cancer hospital datapesproving research and knowledge regarding
the disease.
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3. Background

Noncommunicable digses (NCDscan be recognized as chronic disethed include
cardiovascular diseases, cancers, chronic respiratory diseases and diaseiesofaa
combination of genetic, physiological, environmental and behaviours Nemtorthey are
responsible for1% of all glbal deaths, and cancer iseztpd to rank as the leading cause of
death and the single most important barrier to increasexphfgancy in the 21st cenii®y

Cancer or malignant tumours or even neoplasms is a gemerfor a large group of
diseases characterized by the growth ofmlahcells beyond their usual boundari¢sainghen
invade adjoining parts of the body and/or spread to other ¢igans

Cancer ighe leading cause of death globafig in 2018, based on the GLOBAN
database, there were abb8i078,957 new cancer cases in the world, of these 9,456,418 (52%)
were male and 8,622,58@%4) were female. The number of deaths caused by cancer worldwide
was 9,555,027 among which 5,385,640 (56%) were male and 44489 ,8&fe female, in the
same yeam total lungand breast cancarethe mostinewllydiagnosed cans€i2%) andiung
cancer as thieading cause of cancer death (1&8%shownin figure 1 The slice describe as
0ot her 6 r el agoesdront 0ol% to&.8%, ecluslingtinhaadotal of 24 c4B388)s

A Both sexes
Incidence Mortality

Other 11.6% \

36.6% Colorectum

9.2%
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"Thyroid— &
31% | e Pancreas
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3.2% 5.3%
18.1 million 9.6 million
new cases deaths

Figurel - Distribution ofcases andeaths for the 1Bostcommoncancers in 2018r both sexes Nonmeanoma
skin cancers are includ®d in the oO0othero
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Lung cancer (15%) incidence remains in males, followeakstate (4%) and colorectal
cancer (1%), as iremains the leading causes of morislityng cancdfigure 2)As for females,
breast cancer is the highest incid24o)followed by colorectal canc&®) and lung cancer
(8%).Regarding mortality, breast cancer regth¥gof the total percentagverifying that lung
cancer has the highest rate of mortality (14%) relatively to colorectum cancas §0@h in
figure3 (3095).

B , Males )
Incidence Mortality

Non-Hodgkin

Non-Hodgkin
lymphoma
3.0% 6.3%
Esophagus Bladder
42% 4.5%

o Colorectum
6.7% 9.0%

9.5 million 5.4 million
new cases deaths
Figure2 - Distribution d cases and deaths for the 10 most common cancers in 20185d{onatelanoma skin
cancers are includeudef)n the oOotherdéd categ
Females )
Incidence Mortality

Non-Hodgkin g Colorectum
P i Leukaemia

Corpus utefityyoig

Cervix uteri
4.4% 5.49, 6.6% er:nxuen

7.5%

Liver -
6.6%, Siomach

6.5%
8.6 million 4.2 million
new cases deaths

Figure3 - Distribution ofcases and deaths fbhe 10 most common cancers in 2018 forlesNonmelanma
skin cancers are includqs®d in the oO0othero c



Newertheless, breast cancer diagnoses and mortality differs across countries. This aspect
refers to the degree of economic, social and lifestyle development and cancer registry, given that in
some low and middiacome countries this aspect is not takeraztount.

3.1BreastCance

The breast is highly complex. It goes through more changes than any other part of the human
bodyd from birth, puberty, pregnancy and breastfeeding, right through to me(bpeBieast
tissue extends from the collarbone, to lower ribs, sternum @meastbd armpiEach breast
contains 120 glands called ke These lobes are connected to the nipple liyb®s called
ducts. The breast and armpit contain lymph nodes and vessels carrying lymph fluid and white blood
cells. Much of the rest of theehst is fatty tissy&5) as shown in figure Breast tisue can
develop abnormalities that are sometimagnan{16,17)Breast cancer starts when cells in the
breast begin to grow out of control, and usually form a tuB\arrime, cancer cells can invade
nearby healthyré&ast tissue and make they into the underarm lymph no¢Eg) andif cancer
cells get into the lymph nodes, they then have a pathway into other parts of(i{& bsdglly
breast cancer either begins in the cells of the lobules, which arephsdogiky glands, or the
ducts, the passages that dralk from the lobules to the nipple. Less commonly, breast cancer
can begin in the stromal tissues, which include the fatty and fibrous connective tissues of the breast
(18,19)

ChestI wall
E T
Lymph nodes - '.
j\\’) Ribs<
‘; 4 Fatty tissue
- <
é \ /
) Muscle <~ Lobe
00 :‘ N{ Ducts
“ ? Nipple ' Y /Areola
\ [ \\ \ A N 2 \3’_ )
I 4 g &y, =) Nipple
‘} ,1‘ Areola— g T

>,

Figure4 -Femaldreast anatomy showing the lymph nodes, nipple, areolajatheitts, muscle, fatty tissue, lobe,
ducts, and lobuleSourcé15)

Approximately®,1million new casagobally in 2018, accounting for224 of all new cases
of cancer in womef#,20) Breast cancer can present different symptamselypainless lump



breast pain or heavinggsrsistent changes, such as swethiaening, or redness of the skin

and nipple abnormalities such as spontaneous discharge (especially if bloody), erosion, or retraction
(19) However, sometimes the cancer spreadsderarm lymph nodes, not large enough to be

felt, or even being too small, nobguicing symptoms, making essential the screening and early
diagnoses.

Aiming to understand how breast cancer appears, CDC created an article, enumerating the
risk factors, as you can see bél@\21)

Ri sk fact obechangehat canot

o Getting older: the risk for breast cancer increases with age; most breast cancers are diagnosed
after age 50

o Genetic mutations: inherited changes (mutations) to certain genes, such as BRCA1 and
BRCA2 Women who have inherited these genetic changes are at higher risk of breast and
ovarian cancer.

o Reproductive history: early menstrual periods before age 12 and starting menopause after age
55 expose women to hormones longer, raising their risk of lgetiisgcancer.

o Personal history of breast cancer or certaktaacerous breast diseases: women who have
had breast cancer are more likely to get breast cancer a second time.- Samee raus
breast diseases such as atypical hyperplasia or lobinlameain situ are associated with a
higher risk of getting breast cancer.

0 Having dense breasts: dense breasts have more connective tissue than fatty tissue, which can
sometimes make it hard to 8@aouss on a mammogram.

o Family history of breastcancewmamandés ri sk for breast cance
sister, or daughter (fhdte gr ee r el ati ve) or multiple f ami
fatherds side of the f amil ydegrde maldreativewitha d b |
breast cancer also raises a womands ri sk.

o Previous treatment using radiation therapy: women who had radiation therapy to the chest or
breasts (like for treatment of Hodgkinds |
breast cancer later irelif

o Women who took the drug diethylstilbestrol (DES), which was given to some pregnant
women in the United States between 1940 and 1971 to prevent miscarriage, have a higher risk.
Women whose mothers took DES while pregnant with them are also at risk.

Risk factorsthat canbe changed:

o Not being physically active: women who are not physically active have a higher risk of getting
breast cancer.

0 Being overweight or obese after menopause: older women who are overweight or obese have
a higher risk of getting bst@ancer than those at a normal weight.

0 Reproductive history: having the first pregnancy after age 30, not breastfeeding, and never
having a fulterm pregnancy can raise breast cancer risk.

o Taking hormones: some forms of hormone replacement therapyt(idwsiclude both
estrogen and progesterone) taken during menopause can raise risk for breast cancer when



taken for more than five years. Certain oral contraceptives (birth control pills) also have been
found to raise breast cancer risk.

Neverthelessanestill havebreast cancéndependently of having or not a risk fa(2aj
That is why is so important to betamly diagnositrategiegocus on providing timely access to
cancer treatmemeducing barriers to care and/or improving access to effective diagnosis services.

Screening as tgealof increase the proportion of breast cancers identified at an early stage,
allowing for more effective treatmesed and reducing the risksleath(19,22)Screening in
breast canceonsisin testingpatientddentifyng cancers before any symptoms appear.

Various methods have been evaluated ast bcancer screening tools, including
mammogaphy, breast wdtsound, clinical breast exaationand breast seéixam(22) Most
masses se@n a mammogram and most breast lumps turtodag benign @t cancerous), do
not grow uncontrollably or spread, and are nahliéateningdDepending on the characteristic of
the findings in images, the masses could suggest malignancy or MWhigmityancer is
suspected, microscopic analysis of breastiisseeessary for a diagnosis and to deterngine th
extent of spread (stage) and characthezgpe of the disead®)

There arseverastagingystemand the moswidely useds TNM Staging Systenhhis is
globally recognised astandard for classifying the extent of spread of tutheusthers staging
systemsare specific to a particular type of carserh a$1GO staging systefor classifying
gynaecology cancef&lM Staging Systeuses information otumoursize and howaf it has
spread within the breast and to adjacent tissues (T), the extent of spread to the nearby lymph nodes
(N), and the presence or absence of distant metastases (spread to distant ¢dgr@n¢d)
the T, N, and M are detgined, a stage of O, I, Il, lll, or IV is @gsed Table 1describeghe
staging syste(ii9)

Tablel 6 TNM staging system for breast cancer

Stage TNM Definition
Stage zero (0) describes disease that is only in the du
0 Tis, NO, MO lobules of the breast tissue and has not spread to the surrc
tissue of the breast. It is also cail@dinvasivecancer
The tumour is small, invasive, and haspraiad to the lymp
nodes.
Cancer has spread to the lymph nodes and the cancel
lymph node is larger than 0.2 mm but less than 2 mm i
There is either no evidence dfumourin the breast or th
tumourin the breast is 20 mm or smaller.
There is no evidence of a tumour in the breast, but the
TO, N1, MO has spread to 1 to 3 axillary lymph nodes. It has not spt
A distant parts of the body.
Anylofthese 1 N1 MO The tumour is 20 mm or smaller and has spread to the ¢
conditions T lymphnodes.
The tumour is larger than 20 mm but not larger than 50 m
has not spread to the axillary lymph nodes.

IA T1, NO, MO

IB TOor T1, N1, MO

T2, NO, MO



The tumour is larger than 20 mm but not larger than 50 m

1B T2, N1, MO has spread to 1 toeillary lymph nodes.

Either of these

conditions: T3 NO. MO The tumour is larger than 50 mm but has not spread f

axillary lymph nodes.

The cancer of any size has spread to 4 to 9 axillary lympt
T0, T1, T2 or T3, . y P yymp
or to internal mammary lymph nodes. Itrf@spread to othe
N2, MO
A parts of the body

May also be a tumour larger than 50 mm that has spread
3 axillary lymph nodes.

The tumour has spread to the chest wall or caused swe
ulceration of théreast or is diagnosed as inflammatory b
cancer. It may or may not have spread to up to 9 axill
internal mammary lymph nodes. It has not spread to othe
of the body.

T3, N1, MO

T4; NO, N1 or N2;

"B MO

A tumour of any size that has spread to 1@ae axillary
lymph nodes, the internal mammary lymph nodes, and/
lymph nodes under the collarbone. It has not spread to
parts of the body.

any T, N3, MO
][e
The tumour can be any size and has spread to other orgal

IV (metastatle any T, any N, M1 asthe bones, lungs, brain, liver, distant lymph nodes, or
wall).

Depending of the gje&, ancer treatment requires careful consideration of evirzbsszk
options,given the resources availatiféch can include more than one of the major therapeutic
modalities: surgery, radiotheraglyemaherapyand biological therapgombined modality
therapy requires close collaboration among the entire cancer care team and should be delivered in
an integried, peopkeentred mannemwith the possibility of almred decisiemaking that
considerpatient preferencé€4)

Another topic related to bréasncer is it prognosis. The prognosis of breast cancer is
strongly influenced by the stage of the digghs¢ is, the extent or spread of the cancer when it
is first diagnose@&urvival rates for breast cancer vary worldwide, but in generalirafgeaed.
This is because breast cancealidggnosed at an earlier and localised stage in nations where
populations have access to medical cardesailise progressive improvement in treatment
strategie&0)

3.2 Clinical Decision Support System

Evidencebased medicine systematic approach to clinical problem solving which allows
the integration of the best available research evidence with clinical expertise and patient values. In



breast cancer, as others, hgalhthe information about the patient is essential faisiate To

do so, in several Portuguese hospitals are available BreastCare softwggeopdsiedisas a
clinicaldecision support systef@DSS$, powered by irtual CargVC). VC is a stastip created

in Centrefor Health Technology and Services Rds€@tBl TESIS)and hosted at the University

of Porto. VC is a Portuguese company focused in the development of quality and innovative clinical
applicationsA CDSS isised to assist health professionals in decision making by taking over some
routine tasks, avning them of potential problems, or providing suggestions for health
professionals considerati(@B) As so,BreastCare software atteride needsf all health
professionalsince registratido follow-up, including screenimagnosis and treatment options

making decisions easier.

Such as BreastCarngstems which do not only provide information, but also participate in
simple decisiemaking activities of any ongaation, are known dscision support syste(@sSS)
(23) The DSSemploying data ming toolsanddo not require a priori knowledge the decision
makerinstead, the system is designed to find new and unsuspected patterns and relationships in
each set of data; the system then applies this newly discovered knowledge to a ne{24#t of data
Data miningools aredefined ashe discovery of knowleddgem data through the process of
applying computer based infotima systen(25,26)aiming thextractiorof data into meaningful
information(24) The data mining process consists of five steps and is describe@ [2jow

1. problem identification involves defining the problem and determine the project goals,
identifying key people, and learning about current solutions to the problem.

2. data extraction:this step starts with initial data collection and familiarization with the data.
Specific aims ihale identification of data quality problems, initial insights into the data
and detection of interesting data subsets.

3. data preprocessing:covers all activities needed to construct the final dataset.

4. data mining: techniques are selected and applied teling the prprocessed data.
There are different ways of modelling the data, such as, classification, clustering, association
rules, prediction and others.

5. pattern interpretation and evaluation:evaluation includes understanding the results,
checking Wwether the discovered knowledge is novel and interesting, interpretation of the
results by domain experts, and checking the impact of the discovered knowledge.

Interpretation
. Evaluation
Data mining
Transformation

Preprocessing

Zelection = '

Patterns/
Models

Knowledge

o Transformed

- Preprocessed data

Target data

data
Data

Figure5 -Knowledge discovery



In the healthcare settirdgatamining is well suited to provide decision support. Healthcare
organizations face increasing pressures to improve the quality of care while reducing costs. Because
of the large volume of data generated in healthcare settings, it is not surprisindi¢hes healt
organizations have been interested in data mining to enhance physician practices, disease
management, and resource utilizgdhNo CDSS shall be Isstituted to physicians decisions,
however, these aids can help clinical deamsi&img especially in critical and vital situaf@®)s

3.3. Electronic Health Records

To have data, we need excellent electneaith recordEHR). This is the basis of each
CDSS. EHRs a powerfutool to improve health care quality while reducing its costs. As a
longitudinal repository of patient diagnoses, treatments, and responses to. tEaetinemnic
healthrecord€EHRSs are also being increasingly recognized as an important tool for(B%earch
Aformaldef i ni ti o faomr eElMRt® oni c version of a pa
provier over time, and may include all of the key administrative clinical data relevant to that person:
particular provider, including demographics, progress notes, problems, medications, vital signs, pa
immunizations, labordatayand radiology e{2e130)

In the last decade, EHR adoption rates have s@arédn2015, 8% of officebased
physicians had adoptE#iR (31) As theycani mpr ove the cliniciands w
carerelated activitiegirectly or indirectly through various irdeés, including evidermased
decision support, quality management, and outcomes reporting. This kind of improvements can
promote the decrease of the incidence of medical errors by improving the accuracy and clarity of
medical records, reducing the duplication of the medical exams, delays in treatment and all this
together contribute for a better patient care and provideaki® anbetter decisio(29,30)
WhereasEHR have important limitation®esearch using such data sources requires rigorous
attention to study desigthis is due that @st populations captured in EHR systems are highly
dynamic with frequent o0in and outntdinsmancey at i o1
and geography, and this may blind researchers to some types of care. Gaps in care records and
poorly defined source populations can not only lead to diffisuitiB=rence but may also pose
fundamental challenges in identifying (and aimgpappropriate study and target populations
(32)

34. BreastCare

BreastCare is divided in seven main sectiBiend, 0 nical,0 BthologicaAnatomy,
0 thagiology, 0 Teatmentd, (EUSOMAG andd Tmeling (figure 6) The EUSOMA and@imeline
sections will not be descrill®tausas no variables of interest for this disserfagat SOMA,
refers to the standardst implemented by European Society of Breast Cancer Specialists and
timeline presents a chronology of the patient.

As we mentioned, BreastCare was developed by a Portuguesearuitpaimgplemented
in Portuguese hospitals, so the software is written in PortUgutzsglitate the comprehension



of the reader s, we have created a subsection
the images to English.

To better undestandBreastCarsoftwarewe developed a workfloas if a physiciais
entering a record

PESQUISA Y}

Clinica + Anatomia Patolégica + Imagiologia~ Tratamento . § EUSOMA . Timeline

Figure6 8 BreastCarmain menu

A patient entry the room. | open the BreastCare and check if the patient already exists in the
softwareusing the ID numbeavailable on right superior corner. If not Ablministrative create
a new patient in the oOoPatient sectionbé6.

3.2.1 PatientSection

In the sectiond P a t ,itheAdmidistrative have the ability to ing&ntsonal nformation
such as name, addréégh data, nationalitgontacts and filiatiobeing this informatiaequired
to checkin on theBreastCaréfigure 7). As physician the first separator to filbi®r evi ous
Hi s t, aomsigdin exploetheclinicaldata of the patientegisteringomorbidity medication,
previous surgeries, family hist@yd observations (figu8g After, this | change of section,
opening oOClinicalé6.

Dados Pessoais | Doente j3 existe. D] gl
| | Contactos || Filiagdo
Nome Numero de Processo* Sexo
Masculino | Feminino
Data de nascimento* Ndmero Utente
=
Morada
Namero Subsistema Sub Sistema
Nacionalidade Estado Civil Escolaridade
v v
Profissdo
Centro de Saud
’7 Centro Saude ad e

Figure7 & BreastCare, patiention, personal data separator.



Antecedentes J0) #

| Antecedente: H Comorbilidades H Medicagdo H Cirurgias Anteriores HAntecedentes Familiares | | Observagées

Menarca anos

Gesta

Para

Contracepgao ¥ | Quanto tempo? anos
Status Hormonal v

Habitos tabagicos v | mago/dia Quanto tempo? anos
Habitos Alcodlicos Sem Resposta ¥

Estupefacientes a

FigureB8 0 BreastCargatient section, previous history separator.

3.2.2 Clinial Section

I n 0 Clisicraated ta teadrd and support the different medical appoinfigents).
In the first clinical appointment do physical assessmeoit patient andprescribe the
complementary diagnostic exgingsire 1Q)After the complementary diagnostic exameady,
the sections of oPathol ogical Anatomyo (fig
completed with the information contained in the reports, being fundamental to support the
decisiormaking For the next medical appointmentD i a g Apposteaent, the results from
the complementary diagnostic exareavailable andshould make @linicaldecision treatment
or as MultFDosciplirryTeamAppointmend o with other colleagues support cheical
decision treatmeni/hen patient st the prescribe treatmemd F o lup Appointmené is
markedo checkup.

Doente ~ Clinica~ Anatomia Patolégica~ Imagiologia~ Tratamento~ EUSOMA~ Timeline

Avaliacdo Clinica Inical
Consulta de diagnéstico
Consulta de Grupo Oncolégico

Consulta de Seguimento

Figure9 @ BreastCare, clinical section, appointments availabl

ST = — TR
Avaliacdo Clinica | primeira consulta desta doente. 02-01-2019 & («J[»] * BClinico ‘“_ Fas #
FHlstér:(o carregado hi 0 segundos & ‘ Esquema Mamario —
— S—T——
[‘Alertas & ‘
Clinica || Exame Fisico | Imagiologia | | Decisao |

ntro Salide ARS Lisboa e Vale do Tejo ¥ Segunda Opinido

consulta | pedido por

Figurel00d BreastCare, clinicsdction, ifst clinical assessmegparator.



3.23 Pathological AnatomySection
oPat hol ogi seddrcaefiledr depenttom the different methods used to

scan the diseadn this section iallowed t®ave more than one lesion and mark in a breast mock
up, in sameeport There aréransversespecificationfor the methods used likgam number,

type of the specimen, weight, sizéskin changes
05-02-2019 [ gl

Relatorio de peca cirargica

| | Relatério
Numero de exame
Numero histoldgico [~Lesdes da mama
Tipoide.feca X —_— ——
—Topografia
—Peca
Peso da peca g \ /
Medidas da peca x x mm
Pele Sim x mm
© ©
Alteracdes Cutdneas © sim
Nao
Com Mamilo Sim
Classificar Lesdo 1
Ndo
Dimensdo maxima da lesdo mm
Carbono a mm da lesdo
Auséncia de lesbes

Figurelld BreastCarguathologicadnatomysectionyeport from specimen surgical separa

3.24 Imagiology Section
Regarding to Imagogysectionit allonsto see the historical from imagiology department,

choose the complementary diagnostic exams done by theapdtidatesults It is possible see
thebreast mockip already marked with the lesion.

05022019 [ (][] BT

Relatoério de Imagiologia

s
Histérico carregado ha 0 segundos '
[02012018 Avsiago incal

(Aler(as &

Passo 1| [FZ77F]| | Passo 3 || Passo4 |

Sim Néo S/R
0

Figurel2d BreastCarémagiolog sectionsetp2 separator.



3.2.5 TreatmentSection
Concerning to Treatmensection exists three sedection oOoSurgery Regi
ORadi ot herapy 6 an dexsubdeeiosohavie avaimtgeyfiélds toAdmnipletd h

BreastCare - Doente - Clinica - Meios Complementares - Anatomia Patol6gica - Trata:

egit o
Tratamento médico e de Radintarania 06-08-2019 ﬂ

about each procedund should be filled by thgecialigbhysician.

Figurel30 BreastCare, treatment section, options available.

I n 0Surgery Registeringdéd allows the wuser
armpit surgery, breast reconstructiggnaecologicakurgery, enables too register the

Registo da Cirurgia | Doente sem cirurgia registada hoje 06-082019 8 (¢ [»] :' ol

complicatios and elaborates the report with the previous selections.

I n ORadiotherapy Treatmentod i s possi bl e
depending on the phase of Radi ot herapy, st a
physiciartould seledf the patient agrees to be treated at the institutioramother institution
or in other hand if the patient refuses treatment. Some information should be noted as start date

Figurel4 o BreastCardreatmensectionsurgery registration separator.

and expected end date of the treatment, intendicmitues for deliveringdiatherapy. It is
important to check if the patient is dprhemotherapy concomitant, because could affect the
starting date. After thike physiciartould register the irradiated volume, the boost volume, dose
total and the number of fractions. If the patient already start treatment the appointment should be

= 2 - . =
Radioterapia 06-08-2019 3% s “

|
Figurel50d BreastCareadiotherapgection



mar ked as OWeekly Appointmentdé, and if-the e
up Appointment 6.

Regarding t o o0Chemot herapy Tr egectimsnt 6 [
0Chemot herapyo6, 0O Hnnunotberapyt, h earnadp Jo@nnedatedhe dtaat b | e
and the end date, as to selecthbeapeutic schemigike in previousections allowed to select
if the patient accept or refuse the treatment, and if the treatment is suspended because of toxicity.

[' ioterapi ”Hormonolempin”Tempin Biolégim‘

EEEE BB EEE

Inic
1
1
1
1
1
Inicio
1
1
I
1
I

Figurel6- BreastCarehemotherapgection.



MATERIALS AND METHODS



4. Materials andMethods

4.1.Pre-processing

This study included patients records from BreastCare datadvdded by Virtual Care
(VC),from Centro Hospitalar Universitario de Sao Jodo, since 2001 to September of 2018. The
software iglivided in seven section: Patient, Clinical, Pathologic Anatomy, Imagiology, Treatment,
EUSOMA and Timeline. We deleted from our researtdstite/o seatin, because they have not
variables of interedRegarding the others sections, they were not completed. Firstly, we checked
for missing values and eliminated the oneds

The data were provided by Virt,uadClCiamiec 4 IV&
oTreat ment 6 were partially filled, all the o
of 14,540 observations were extracted from BreastCare, but after checking for duplicates the final
number was 1653. Since only 3 of theedtions had information, we collected data from
i magi ol ogy software oO0siimadé6, filling the sec
the patients and only obtain information fro

This was approved by the Ethiaar@nission of Centro Hospitalar Universitario de S&o
Jodo, fulfilling the Declaration of Helsinki. (annexe A).

4.2. Missing information

4.3. Bayesian approach

4.4. Evaluation of the model

To perform our approadhBayesian networtka pre-processinghasevas performed to
eliminate duplicate observatidnsR.The duplicate records occurs because of the variable family
history. Whienapatient had more than one family member with histbrea$t or ovarian cancer,
the patient number was duplicdteis is a glitch of BreastCare, and to solve the prolvkem
joined by the process numftée information related to family history. To choose which columns



variables we will be using in our elpde checketthe percentage of missing information, and
del eted those who had 100% missingds achi evi

Afterwards, we collected the information o
one is a tal of the hospital in the software. Having 4 sections with informatiorcheekedhe
percentage of missing information one this new variables;the thatest values can be used in
k-nearest neighbours imputatiofN(K), following by highest perdage until all the variables are
imputed, in total of9 variables.

As we know, imputatiaatheprocess used to determine and assign replacement values for
missing data itemsince our model development needs a complete §28aseie k-NN is a
nonparametric methathatconsists of the k closest training examples in the featuré8dpace

Thecutof f @&@dnodds éRaasd CdbRissi ficati onRadswas b
Cl assi f roff was dedined acoording to the literature available. ‘Red8icategory is
between 0 and 3 inclusive were benign and lesions wiRadsBtategory higher than 4ewer
considered to be maligngB6) Regarn digmtpsesédubitems were ow
Obenigndé and omaligndé, joiningtambeoowat hgunan
opposing wit@omaar nigmg tid edarhor monot he-ofapydé w
and the perfornrace of the variable cannot be assessed.

After, the dataset is fulfilled, we used RapidMiner to develop the bayesian model, with hill
climbing algorithnfHC), that isaniterative algorithm that starts with an arbitrary solution to a
problem, themttempts to find a better solution by making an incremental chargedtution.

If the change produces a best@ution, another incremental change is made to the new solution,
and so on until no further improvements can be f(@6)d

Also, the same data mining tool was used to asses accuraeyy,sgesificity positive
predictive vakli(PPV)and negative predictive vald#V). Sensitivitycan bedefined as the
number of correctly classified cases as positives divided by the total number of actual positive cases.
On the other handpescificity is defined as the number of correctlgifdascaseas negatives
divided by the total number attual negative cases. Also, &V be defined as correlation
between true positive cases and true positive plus false positiBesabes.the NPV represents
the correlation of true negativighwthe true negatives plus false negative(8ases

Thebayesian networks (Bhgve been around in biomedicine and healthcare for more than
a decade now and have become increasingly popular for handling the uncertain knowledge involved
in establishing diagnoses of disease, in selecting optimal treatment alternatives, and predicting
treatment outcome in various areas {3%.links can represent caefect relations between
variables so that it is possible to design the relations in a BN from the understanding of domain
expert437)

There are several types of BN, namalyerBags (NB is a simple learning algorithm that
utilizes Bayes rule together with a strong assumption that the attributes are conditionally
independent, given the cl&38) Another is tee augmenteative bayes (TAN) employs a tree
structure, allowing each attribute to depend on the class and at most one othgB8jtribute



In order to better understatide methodology, a flowchart wareatedhat reflects the
procesgfigure x)
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Figurel7 6 Pathway since Collection to Processing Data.
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