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Abstract - This paper proposes the use of Bayesiatwoeks to
support the decision-making process in public héakystems. In
particular, this paper presents LARIISA_Bay, a new conment
based on Bayesian networks that works together with LABA| a
context-aware platform to support applications in fplic health
systems. The main goal of the proposed componett &ssist teams
of health specialists in order to better diagnossahses through data
collected from users of LARIISA. As a case study, weudon
scenarios of dengue fever disease. We classify derggses into one
of the following levels: normal, grave or emergendyased on this
classification, teams of health specialists can acately make
decisions, for example, to alert a health care agémvisit locations
with a high incidence of the disease, to send a teafmhealth
specialists when a dengue emergency case has ocduas well as
give technical instructions on how to deal with specicases. We
present a prototype of LARIISA_Bay as well as the cepending
interfaces to support the interactions with the cooment. We
compare the obtained results with real diagnosis géneral
practitioners. The results presented show the éfficy of the
proposed approach.

Keywords—Bayesian Network, Public Health Systems, Dengu
Fever Disease

. INTRODUCTION

With the increasing advances in medical and commput
sciences, it is noticed that the union of thesedvaas becomes
indispensable for the development of efficient eyt focused
on the care and treatment of patients [1]. AccardinSigulem
et al.[1], since the beginning of computing there isgn#icant
enthusiasm regarding the use of computers as aoriamt tool
to support medical diagnosis.

We add to this fact the recent challenges faceanbpy
organizations, especially in the public sphersysiematize the
large amount and variety of data produced sepgratel then
to generate useful information in a timely manrarpublic
health systems, this issue is even more challengjiven the
high complexity of the relation between differeneatih
systems, several diseases and various levels atahedre.

Considering that, several medical diagnosis saistibave
been proposed. However, most of these solutionseptea
simplistic structure composed of a triviaiSease x symptdm
relation. For this reason, inference engines implaed in these
solutions do not have a high computational compfexi

In this context, we present LARIISA Bay as a new
component of the LARISSA framework [3]. LARIISA Bay
capable to improve public health systems in thgmbais of
medical diseases. To achieve this goal, it usesefay
networks, which are a powerful method for the carmston of
systems that rely on probabilistic knowledge. Aaraple is the
use of probabilistic networks in uncertainty modglifor
medical diagnosis such as epidemiological diseabesast
disease, Alzheimer's, etc.

As a case study, we focus on scenarios of denguer fe
disease. For instance, LARIISA_Bay can act foreddht aims:
i) an important mechanism to accurately identifyiggas who
must be treated immediately (i.e., patients withngile
hemorrhagic fever), ii) direct patients to specHiaspitals for
further treatment and analysis, iii) treatment atignts at home
to avoid the overcrowding of hospitals, iv) ideictition of risk
areas in order to adopt proactive preventions)metither words,
LARIISA_ Bay increases the diagnosis efficiency oédital
diseases and, consequently, optimizes the pubtdilththsystem
as a whole.

To make the solution as realistic as possible, axeldone
several meetings with various health specialistsbgdter
understand the pathology specifics. These medfiaiiate the

eunderstanding of the procedures to diagnose tleasksand the

main factors that contribute to the worsening efdengue fever
disease.

Finally, we present a prototype of LARIISA Bay aitsl
corresponding evaluation. To achieve this goal,haee also
implemented an interface to allow the interactibthoee main
actors in the health system: the patient, the heajent and the
medical specialist. The collected data are usedeén the
Bayesian network. Our results demonstrate the sexgho
solution efficiency in the classification of denguoases into
three main levels: normal (i.e., absence of theadis), grave
(i.e., dengue fever) or emergency (i.e., dengueohdragic
fever). The results are compared to real diagnofegeneral
practitioners.

This remainder of this paper is organized as faltoWe
discuss the related work in Section Il. Sectionpliésents the
LARIISA framework. Section IV describes in more alis the
LARISSA Bay component. Section V presents the agtw
modeling and our evaluation. Finally, Section Vhcludes the
paper.



II. RELATED WORK

In this section, we present the related work thaltes use of
Bayesian networks in the health system contekbey
demonstrate the relevance of using computationalligence
in the treatment of uncertainty in healthcare diesjm

A. Bayesian Agent for Surveillance of Hospital Infecti-
SAVIH[4]

SAVIH uses a Bayesian network to support the hakpit
manager to evaluate the risk of a patient to cohtahospital
infection. Among other features, SAVIH presentsitifection
scenarios in different inpatient units allowing theediction of
risks based on the patient's disease and epidegitalo
characteristic. Besides, it enables the retrief/abst cases that
are similar to new patients entering in the inptieit.

SAVIH was developed using the modeling shell Nefija
which is a software package to solve problems uBiagesian
networks.

B. System to Support Differential Diagnosis of Cepizalg]

This work presents a medical expert system thatiges
support to general practitioners, emergency phssgior
residents in the differential diagnosis for ceplmldi.e.,
headaches). As SAVIH, this system uses the Bayesitmork
approach and was developed using the modeling Kleti¢a.

The base of the knowledge was build considering th

classification criteria of the International HealdacSociety
(IHS), taking into consideration the patient’s syoms and the
estimated values of probabilities, provided by rnabexperts
involved in the project.
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Fig. 1. Overview of the LARIISA Framework [9].

tem by a mobile device from the patient's homegche send
information about the patient's health, detailingedfic
symptoms required by the systedm interesting observation is
that patients can be identified in the system througlersonal
ID, such as the SUS_ID of the Brazil's Unified Hiegystem
[8]. After the data acquisition, the data is praeesin theData
Processingayer. In this case, the system uses the rawidata
grder to capture all necessary diagnosis dataF@hlly, after
the acquisition and processing of data, Bwblishing layer
produces new contents and stores in the databdgeRIESA.

In summary, the data inference in LARIISA is beaifiin
the decision-making process in public health systefor

The evaluation was performed through a compariso§Xample, managers of public health systems (i@vemors,

between the responses of medical experts and thutaied
from the proposed system. For this evaluationt afseedical
patient records was randomly selected by the sjssia
involved in this project. The experimental resultdicated that
the proposed system was able to provide the saagmaisis of
experts in 95% of the cases. When the same clioasds were
evaluated by general practitioners, 53% of the <asere
correct. These results demonstrated that the deeeleystem
presented a good performance in the support oéréifitial
diagnosis of cephalgia.

1. LARIISA FRAMEWORK

In this section, we present LARIISA, a context-agvar
framework that provides intelligence governance foblic
health systems [3]. Based on Dey’s definition ofiteat [10],

we considehealth contexas any information that can be used

to characterize the situation of an entity in altheaystem.
Thus, the main idea of LARIISA is to infer the datallected
from users (e.g., patients, doctors, etc), suchase of medical
patient records.

To assist these users in their daily tasks, coraesre
applications can use elements of ubiquitous systenobtain
user context information. For instance, through tlse of
embedded sensors in mobile devices, the systenacguire
spatio-temporal information of a user.

Figure 1 illustrates an overview of LARIISA, whidk
divided in three main layers. The first layer idlexh Data

mayors, hospital directors, doctors, health agesits) can be
aware of real-timerisk situations (e.g., epidemiological
emergencies) and adapt the procedures in a timekmnenr.
Thus, five domains of governancan be achieved by LARIISA

[3]:
(1) Knowledge Management;
(2) Systemic Normative;
(3) Clinical andepidemiological;
(4) Administrative and

(5) Shared Management.

IV.LARIISA_BAY COMPONENT

LARIISA Bay is a new component based on Bayesian
networks that works together with LARIISA. This new
component is concerned with the treatment of uag#ytin the
health system. Therefore, this work is related tee t
representation of context-sensitive informatioe.(icollected
data) as well as to the knowledge of experts, sgmting the
ontology for LARIISA [10]. As a result, this compemnt is able
to assist team of specialists to better diagnassages according
to the data collected from different users of tgstem. We
highlight that the treatment of uncertainty in ttega acquisition
and the representation of knowledge have not yet bddressed
by LARISSA.

Figure 2 illustrates the proposed phases of LARIIBay.

Acquisition. This layer concerns the information acquired fromTo better illustrate these phases, we describe jleanof the

context providers, such as sensed data medical patient
records For example, when a health agent is accessingyiie

dengue fever disease, which corresponds to thestadof this
work.
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* The Input System: it corresponds to an information (3) “Pass Thought - in this scenario, one of the
gathering interface that allows the interactionttuee following decisions can be made: to leave the
different decision makers: the patient (i.e. uskethe decision making to the system or to wait for a theal
system), the health agent and the specialist.dorgi2, specialist to take the decision.

note that the specialist interface contains théthegent
interface, which in turn contains the patient ifgtee. In
this initial phase, sensor can also be used, famgle, to
monitor patients' vital signs. As a result, metadat
created from the gathered information. It is gleesible
to use external context providers. = To send guiding procedures to the patient;

e The Output System: it corresponds to the procedures
that can be made after the Decision Support phase i
order to optimize the public health system as alevho
We can mention the following procedures as examples

» Decison Support: the Inference Module » To send a health agent to the patient's home;
corresponds to the Bayesian network modeled tostipp

the decision making of medical teams. The detditb® * To send an emergency health team to the patient's

network modeling are presented in Section V. Bégica home;
the Inference Module has two main purposes in the = To identify risk areas (graph of the epidemic) in
context of our case study: order to adopt proactive preventions.

(1) To support the diagnosis of the medical stéiféring
probable cases of dengue in three levels of claasdn, V. NETWORK MODELING

which are: In this section, we introduce the details necesdary
understand the network modeling. Then, we presést t

i) Normal, for patients without dengue fever; evolution and quantification of the Bayesian networ

ii) Grave, for patients with dengue fever disease; A. Bayesian Networks

iii) Emergency, for patients with dengue hemorrhagic  |n this section, the formalism of Bayesian netwoiks

fever. introduce_d. Furthe_rmore, the basic methods for rthei
(2) To support the diagnosis of dengue feverCOnStrUCtlon are reviewed.
outbreaks/epidemics in specific regions (i.e., @sas). Bayesian Networks (BN) are directed and acycliphsahat

pallow the representation of the joint distributioiprobabilities
for a set of random variables. This paper focuse8N with
discrete variables. BN with discrete variabless$athe Markov
(1) Specialist Decision it considers the existence of a condition [10], which states that any node in a d&dgn
team of experts able to better diagnose the defeyee  network, given its parents, is conditionally indegent of its
disease according to the received information. 8ase non-descendants.
the result of the Inference Module, the team ofeete
can take the most appropriate decision in relatioa
particular patient;

Next, we have the Decision Module Interface, whic
offers three different application scenarios:

An important aspect of a BN is its structure (tagyl of the
graph), which enables the representation of complex
relationships between graphically and intuitivefyriables. The
(2) Specialist Validatiort in this scenario, the result of graphical structure of a BN facilitates the undamding of

the Inference Module is filtered/validated by anrelationships between variables in its domainlsio allows the
specialist, instead of analyzed, as in the firsttombined use of information obtained from experdwiedge
scenario;



with historical data to obtain the joint probalyildistribution of
the network.

classifiers. Basically, if we have Bayesian classsf with
discrete variables (e.g., {/.,...,A, ,C}), then one of them is
the variable class (e.g., C, the response varialle)the others
are the attributes (e.g., {2 ,...,As}, the predictor variables).

The excessive number of probabilities required tioe
guantification of a network is one of the greatdsdllenges in
the practical application of Bayesian networks. iRgtance, in

a nodeX with k categories, the number of probabilities to be

specified is
Numbers of elements of the table(X) = P(x;) [lpax) Ncategory pacxy (1)

However, for certain types of nodes, these prditiakican
be calculated from other instead of being diresglgcified. The

noisy-or model [12] allows such a calculation, with the

restriction that the parents of the node may inddpstly
contribute to the probability. Therefore, the camalion of
several parents contributes cumulatively on theébglodity of
the node.

The noisy-or model allows the calculation of thimf table
of conditional probabilities from the probabil®{D|R) for each

parent nod®, such afy, Ry,..., Ry are the possible causes of a

disease of a node (D).

In the case of having only binary nod&s with stating r
(true) and; (false), these conditional probabilities are knasn
sensitivity P(djjy and specificity P@ Vv #;) that often are
available in public studies. However, the jointhpabilities P(D|

rash. These symptoms can be associated or nobleiking or
bleeding with positive epidemiological history. Aher

BN used in data sorting problems are called Baylesiamdlcatlon is the patient has been in a denguestnéssion area

in the last fifteen days or in the presence of Aedegypti
mosquito [13].

Other pathological symptoms observed are severe and
continuous abdominal pain. The patient does notpaup
superficial abdominal palpation and may prevent @noents of
sitting and walking. Besides, the patient presamthostatic
hypotension and/or syncope, persistent vomiting égoes not
the ingestion of any substance, including wateusT the patient
presents decreased diuresis due to the dehydrediosed by
vomiting and/or hypotension. The patient has aargef liver
(i.e., painful hepatomegaly) and has bleeding ispiratory
mucosa and/or digestive system. The patient hasdiffeculty
in maintaining alertness and presents psychomajitaiteon. It
presents hypothermia. It presents a sudden incréase
hematocrit (proportional imbalance of water andobieells)
and abrupt platelet decrease. Finally, the patigmgsents
respiratory distress, in which the patient haddiffy breathing,
which may be due to bleeding or lung edema.

The occurrence of dengue is directly related to esoisk
factors, such as places without adequate sanitatind
precarious garbage collection.

The accurate diagnosis of dengue is carried bylagro
However, this test is performed in laboratories laospitals. For
this reason, the rapid diagnosis is important deoto referring
patients for treatment. The main tests are seroégy blood
count.

Ri, R, ..., R) are more difficult to obtain from experts or C. Network Modeling Evolution

bibliographic information because they involve ghhhumber
of conditional combinations.

The expression that represents the probabilityaohdactor
causing the disease is calculated as:

p; = P(d|r;alone) = P(d|7, T ey Ty en ) (2)
P(d|H) = 1 — (TIg,en+[1 — pi]) 3

Where H is a configuration ¢R;, R,, ..., R) andH"is set as
true.

B. Case study: Dengue Fever Disease

As a first step in the network modeling process, hage
obtained the structural model of the network, usithg
knowledge of physicians as well as bibliographiarses in the
subject of dengue fever disease.

To accurately model the network, it is importanidentify
which information from the medical point of viewsé#o be
represented as a variable in the network. Besiitess
fundamental to identify the causal relationshipsveen these
variables. To perform these objectives, the infaiomas placed
in an initial network structure. Then, an iteratredfinement is
made in order to obtain the final network structuoe
guantification. We highlight that, to achieve tfiigal network
structure, it is necessary the insertion and reinaivaodes and
arcs and other modifications.

According to our research made with physicians an

bibliographic sources, a patient is suspected ofiniga
contracted the dengue fever disease when he/skenseacute
febrile illness with a maximum incubation periodsefven days,
accompanied by at least two of the following symmo
headaches, retro-orbital pain, myalgia, arthralgiastration or

In this work, the network construction was donenn main
steps in an iterative manner.

In the beginning, the model was restricted to teagtie
fever pathologies. The main purpose of this initi@del was to
pre-select the network nodes and identify whichesodould
indicate another symptom.

The next step in the network modeling was to idgratnd
classify patients with symptoms afengue feveror dengue
hemorrhagic feverin this step, the nodes in the network (the
dengue symptoms) were classified according to thmadn
profiles: patient, health agent and specialistttd$ point, an
interesting observation is that some symptoms ciodidate the
severity of the dengue fever disease.

In relation to the categories, two of them are rui for all
nodes: Yes and No. Such representation is appropriate for
diseases with several factors of cause. For exankte 3
presents the final modeled network. Note that fer hode
Dengue_hemorrhagic the symptoms are:
abrupt_platelet_decrease, Sudden_increase_of_hematocrit,
Hypothermia, Respiratory_Distress, Decreased_diuresis,
irritability_and_drowsiness, Painful_hepatomegaly,
Persistent_Vomiting, Orthostatic_hypotension,
poor_garbage_collection_system_places,
Severe_and_continuous_abdominal
places_without_adequate_sanitation

pain,
and

Jpleeding_from_mucosa. In this paper, the noisy-or model was

used for the nodd3engue_hemorrhagic andDengue_fever.

All things considered, Fig. 3 presents the finaldeded
network, which is used as the basis of inferences i
LARIISA Bay.
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Fig. 3. Final model of the network created by Netica.

D. Probabilities

TABLE Il. CONDITIONAL PROBABILITY

Variable Blood_Count_Cha
For the quantification of the Bayesian network msgd in Condition nge
this paper, it is used the direct description obbabilities Categories Yes No
presented in the following tables filled by expphysicians Dengue = Yes 87% 13%
based on their professional experience and al&ibdingraphic Dengue = No 62% 38%
sources. This method enables the fast computatibn o
probabilities. To increase the coherency of valussme TABLE IIL. CONDITIONAL PROBABILITY

probability values are corrected during the evadmat

Only three nodes have conditional probability mdat Condition
respectively to the parents in the LARIISA_ Bay natkv To Categories Yes No
specify these probabilities, the nodes are dividadio groups: Dengue = Yes 99% 1%
diagnostic tests and pathologic symptoms. The noddbe Dengue = No 9% 91%

Variable Serology_Change

pathologic symptoms group represent the charatitarisf the
disease that, even though they are difficult tosues they are

indispensable to do the modeling.

TABLE I. PRIORPROBABILITY

E. Evaluation

For the evaluation of our approach we have consitihre
network generation based on two types of acquirdation:

the patient informing the symptoms; and the hesjtbcialist

adding new technical data besides the patientrimdton.

Firstly, the network evaluation is done with théoimation

provided only by the patient, in three differensest Low Risk,
Medium Risk and High Risk. We have obtained theaultss

showed in Table IV. The line calledetwork represents the

result provided by the network for the nddengue. The line
called General Practitionetis the probability attributed by the

general practitioner in relation to the same nédwally, the line
“Do you Agre®” shows the opinion of the general practitioner

in relation to the network accuracy. This firstuéshows that

the network percentage approximates the generatitpvaer
percentage, which confirms the efficiency of oupraach.

The second network evaluation took into account the

network evaluation based on the data providedhmedth agent.

In this case, we have obtained the results show&dble V. In
this case, the results are also favorable to opiroggh.

Node Yes No
Abrupt_platelet_decrease 1% | 99%
Painful_hepatomegaly 7% | 93%
Dor_adominal_intensa_continua 5% | 95%
Decreased_diuresis 30% | 70%
Orthostatic_hypotension 15% | 85%
Irritability_and_drowsiness 1% | 99%
Hypothermia 40% | 60%
Poor_garbage_collection_system_places | 350, | g5%
Respiratory_Distress 250 | 75%
Sudden_increase_of_hematocrit 250 | 75%
Persistent_Vomiting 5% | 95%
Places_without_adequate_sanitation 30% | 70%

TABLE IV. COMPARISON OF THE NETWORK AND GENERAL

PRACTITIONER USING PATIENT INFORMATION



Low Medium High Risk reference an ontological domain model built to mées
Risk Risk g strategic goals of the study area. The researchybfid
Networ k 9.89% 24.8% 92.2% megha_nisms, usin% Ba&yesi(;m neé\ivorlgsdz?md qr;’;ologyﬁmthe
General oractitioner prediction more refined and enables indirect infees that are
s 5% 23% 86% difficult to obtain without a model based on ontplo In this
Do you agree? Partially Yes Yes case, the Bayesian network result could feed thelagical
model, e.g. based on this database, it generagesetiulting
TABLE V.  COMPARISON OF THE NETWORK AND GENERAL inference to the LARIISA ontology using semantiesaarch
PRACTITIONER USING PATIENT AND HEALTH AGENT INFORMATI®I strategies in the base information of modeling witkology.
;ios\?(' Mgfitﬁm High Risk REFERENCES
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This component assists a team of specialists terbet
diagnoses dengue cases as it collects data frotensys
users, classifying them as: normal (absence of the
disease), grave (presence of dengue fever) a
emergency (dengue hemorrhagic fever). From this
classification, team of experts can make the datisi [9]
more accurately. For example, the immediate aatfon
sending an ambulance or to ask a health agensitdhe
patient or, simply, giving instructions on how tead

with the case, accordingly to the classification.

The creation of the structure of the Bayesian ndtaad
the quantification of probabilities with the suppaorf

experts. They were obtained based on bibliogragéitia
and through meetings with physicians. The probidsli

. . - D 11]R. E. Neapolitan, “Learning Bayesian Networks”, New
were obtained through technical clarification, Jersey, 2004.
guestionnaires and subsequent correction of initi "
values. a]!12]D. Heckerman, J. Breese, “A new look at causal

independence” in UAI, 1994,

The proposed model involves starting from mobile[13] Brazilian Ministry of Health. Programa Nacional de
interfaces to the placement of metadata that destab Controle da Dengue Available in:
created from consults to various expert professsoof

dengue fever worsening. Three interfaces developed

(user, health agent and expert) are related toethre

different metadata that translate the differenele\of

access to information and decision ability. Thakigen

though the final decision (dengue fever diagnogethe

expert’s, the health agent and the user are alsside-

makers in restricted cases.

Finally, it is important to highlight that the saraelution
proposed in the paper can be analyzed and evaltaked) as



