Using Bayesian Networks to improve the Decision-

Making Process in the Public Health System

Germanno TelésCarina T. Oliveira, Luiz O. M. Andradg Mauro Oliveird
1State University of Ceara (UECE) - Fortaleza, Btazi

2National Research Network(RNP)
SFederal University of Cear& (UFC) - Fortaleza, Bilaz

4Federal Institute of Cear@FCE) - Fortaleza, Brazil

Abstract - This paper proposes the use of Bayesiatworks to
support the decision-making process in health syssegovernance.
In particular, this paper presents LARIISA_Bay, aew component
based on Bayesian networks that works together WithRIISA, a
context-aware platform to support applications inulplic health
systems. The main goal of the proposed componetu &ssist teams
of health specialists in order to better diagnossehses through data
collected from users of LARIISA. As a case studye focus on
scenarios of dengue fever disease. We classify der@ases into one
of the following levels: emergency (i.e., dengueti@rhagic fever),
grave (i.e., dengue fever) or normal (i.e., abserafethe disease).
Based on this classification, teams of health smdists can
accurately make decisions, for example, to aleffiealth care agent
to visit locations with a high incidence of the diase, to send an
ambulance when an dengue emergency case has ocduae well as
give technical instructions on how to deal with spfic cases. We
present a prototype of LARIISA Bay and the corresping
interfaces to support the interactions of the pattethe health care
agent and the specialist with the system.
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l. “NTRODUCTION

Bayesian Networks are powerful
methodologies for the construction of systems tiedy on
probabilistic knowledge. The health system sestaniexample
for the use of probabilistic networks in uncertgintodeling,
which this concept is used to obtain an approxichdiegnosis
of different diseases, such as Alzheimer's, hasede, among
others.

With the growing changes in medicine and compute
science, it is noticed that became indispensabthetainion of
these two areas for the generation of more effidgstems and

tool to aid medical diagnosis.

The need to systematize the variety of data pratluce

separately, generating useful information andtimaly manner
is a common problem for organizations, especiallihe public

complexity of the health / iliness / care.

and appropriate

]
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a simple structure, composed of causal diseasetsymphe
inference engine implemented takes advantage dfithelified
model, alleviating the computational complexity.

With this mechanism in place, it is possible to malcorrect ‘ Comentado [6]: Frase muito confusa. O que vocé queriﬂ
dizer?

identification of patients aims to optimize patierdare and
reduce the excessive number of unnecessary calls.

All things considered, this work presents a medranio
assist specialists in the diagnosis of dengue caspecially
people who have symptoms and may be guided byhhealt
professionals in their own residence. Thus, itnipartant to
accurately select the patients who must be traatetkediately
(dengue hemorrhagic fever) or directed to a spekdspital for
further treatment and analyzes, or that can beetleia their
homes in order to avoid severe problems.

2?27?
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,,,,,,, 0 que vocé queria dizer nesse

pathologies, the diagnostic tools and related factelated to
worsening of dengue fever.

This paper presents an interface for three maioraat the
system: the user, the agent and the health exfestcollected

Comentado [2]: A introduc&o dever ter: (1) contexto e
motivacao do trabalho (cenario geral); (2) apoatar
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data feed the Bayesian Network of LARIISA_Bay.

2 presents related works that make use of Bayesitmorks in
the health system. In Section 3,it is describex LHARIISA
platform, which was developed for the LARIISA_Bakhe
section 3 presents the proposed model for dealiiitn w
probabilistic data in LARIISA. Section 4 shows asgeof
implementation and testing with LARIISA_Bay, Finallin

Section 5, concluding remarks are made about thik.wo
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. RELATED WORK
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A. Bayesian Agent of Support of Hospital InfectionAV 8,
in Portuguese

This system uses a Bayesian network to supporh#reger
of a hospital to assess the risk of a patientitospital infection.
Shows the setting of the infection in differenttarsind allowing
forecasting the risk from an epidemiological cheeeistics and
the patient's disease. Retrieves cases that ailarstma new

Comentado [4]: Nao entendi essa frase, como seria em
| portugués?




patient in the unit. It was developed using thellsRetica
modeling [2].

B. Support System for Differential Diagnosis for Celgiea

Itis a medical expert system that provides suppageneral
practitioners, emergency room physicians or resglénm the
differential diagnosis for Cephalgia (headaches).

This system uses the Bayesian network approachbase
of the knowledge was build considering the Intaometl
Headache Society Ranking Criteria, taking in comrgition the
patient's symptoms and also the estimated values
probabilities provided by experts who participated the
project. It was developed using the shell Néticalefiag. This
system was evaluated when comparing the expertsttend
system answers, from a set of medical records ténta with
headache specialists randomly selected by the girojéne
experimental results indicate that the system wale @
provide the same diagnoses that experts proje2b% of the
cases. Also, general practitioners evaluated theesainical
cases and they only had 53% of correct answergefdre, it

characterize the situation of an entity in a healjistem.
LARIISA is able to perceive the status of emergency
epidemiological and adapt itself in real time task situation.

Aiming in assisting users in their day-to-day tasiantext-
aware applications have been using elements ofuiibigs
systems to obtain user context information. A Yesptample
is the use of sensors that detect the presenceayle and
automatically trigger lighting to an environmentcarding to
the people location and time.

of Figure 1 presents an overview of the proposed syste
which is divided in three main part®ata Acquisition Data
Processingand Publishing Data Acquisition concerns the
sensor application, information (e.g. User ID agythgtoms)
added by the user, and the acquired data. Afterahacquired
data will be processed in tibata Processingtep. In this part,
the system uses the raw data in order to captureeeéssary
diagnosis data.

V. NoOISY-OR BAYESIAN NETWORK S

is clear that the developed system shows very good

performance when for

headachd8].

These studies are demonstrating the relevancesdittily,
in other words the relationship of the area of cotimy,
specifically the line of research of computatioimaélligence
with the treatment of uncertainty in support of giiasis
domains healthcare.

giving differential diagnosis

1. PrRoJETO LARIISA

LARIISA was specified taking into account specific
requirements of five governance fields:
Management,  Systemic  Normative,  Clinical
Epidemiological, Administrative and Shared Managetiag
Therefore, the system proposed in this paper peswédcontext-
aware diagnosis based on geolocation to LARIIS/Ahapg it
to the scenario of decision-making for local andbal
context$s][13].
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Fig. 1. Clariisa Architecture

LARIISA is centered on the concept of health cohtex
information. Based on Dey’s definition of cont@xt we
consider health context as any information thatlmamised to

Bayesian Networks (BN) are directed and acycliqphsa
that allow the representation of the joint disttibn of
probabilities of a set of random variables. Thipgrawill focus
on BN with discrete variables. BN with discreteiables satisfy
the Markov condition[10], which states that any @dd a
Bayesian Network is conditionally independent of it
nondescendents, given its parents.

An important aspect of a BN is its structure (tagyl of the
graph), which enables the representation of complex
relationships between graphically and intuitivetyriables. The
graphical structure of a BN facilitates the undamding of
relationships between variables in its domain, alhaws the

Knowledgecombined use of information obtained from expertvdedge
andWith historical data to obtain the joint probalyildistribution of

the network.

A. Noisy-or classifier

The BN can be used in classification problemsdtear and
straightforward way and BN used in data sortingofenms are
called Bayesian Classifiers.

In the called Bayesian Classifiers with discreteialdes
{A1,A2,....A,C}, one of them, C, is the variable class (resgon
variable) and the others, {14 ,...,A, } are the attributes
(predictor variables).

The excessive number of probabilities required toe
quantification of a network is one of the greatifftculties in
the practical application of the Bayesian netwolksa node X
with k categories the number of probabilities tespecified is

Numbers of elements of the table(X) = P(x;) [Tpacx) Ncategory pacx) (1)

However, for certain types of nodes, these probigsilcan
be calculated from other instead of being specifieectly. The
noisy-ormodel [11] allows

such a calculation, with the restriction that tleemts of the
node may contribute independently to the probatolithe node
on which it is applied the noisy-or model, and thatcombined
effect of several parents contribute cumulatively the



probability of the node. In this paper, it is atsressary that the
node in question is binary, ie, has only two catiegowith one
category to represent true and the other one false.

Using appropriate names for nodes in networks sigapiedical
problems, there is one node with categoryd and d
representing a disease, which causes areRR ..., R, the
probabilities for D are given by the combined talwé
conditional probabilitie®(D| R, R, ..., R).

The noisy-or model allows the calculation of thajdable of
conditional probabilities from the probabiliB(D|R) for each
parent node Rwhilst respecting the constraint towards parents
put earlier.

In the case of having only binary nodes \Rth stating r
(true) andri (false), these conditional probabilities are knasn
sensitivity P(d]) and specificity P@ Vv ;) that often are
available in public studies. However, the jointhmbilities P(D|
R1, Ry, ..., R) are more difficult to obtain from experts or
bibliographic information because they involve grhnumber
of combinations of conditions.

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

pi = P(d|r;alone) = P(d|7y, T3, s Ty s ) (2)
P(IH) = 1 - (Tgien+[1 — pi]) ®)

Where H is a configuration @Ry, R, ..., R) andH* Subset of
nodes is set as true.

V.  LARIISA_BAY

The main idea of the LARIISA project consists of
probabilistic inferences about the data collectednfthe user
and data held in their records, identified by SUsfrom the
expert knowledge of the area represented in thighregstem.

In this evolving context of the LARIISA project,ishpaper
is concerned with how the data of the probabilistformation

Interfaces with three decision makers of LARIISAet
user, the agent and the health expert. It is nibticat the
interface contains the Specialist Health Agentrfate,
which contains the user interface (Patient)

A broker Type, a Decision Making Support System,
works as a support to help the medical team instci
making. This broker, based on Bayesian Networks, ha
two purposes:

o Support the diagnosis of the medical staff,
filtering probable cases of dengue in three levels
of classification:

. Normal patient ( no gravity)
. Patient with suspected dengue fever
. Patient with suspected dengue
hemorrhagic
o Supporting the diagnosis of outbreaks/epidemics

in certain areas of a municipality

A team of health specialists able to better evalilaé
selections made by the broker. This team has the
responsibility of the diagnosis that would resnlbne of

the following three procedures:

o (A) Sending guiding procedures to the user
(patient);
o (B) Sending a Health Agent to home of the user,
primarily;
o] (C) Sending an emergency team to the home of
the user.
VI.  NETWORK MODELING

Obtaining structural model of the network, using kmowledge
of physicians and bibliographic sources, sougldeatify what
information regarding medical problem could be espnted as

is treated. Therefore, this work relates both erépresentation a variable in the network, as well as the causatioaships

of context-sensitive information (data collected ® the
knowledge of experts, representing the ontology faRIISA

As it can be verified on Figure 2, the componen
LARIISA_Bay consist the following features:
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Fig. 2. - LARIISA_Bay Interface

between these variables. In order to perform @& specific
medical information of the problem was obtainedjoHater
(were placed in the initial network structure. Therative
refinement of the initial structure, which involvéte insertion
and removal of nodes and arcs and other modificatied to
final structure for quantification.

Using physicians knowledge and bibliographic sosirites

suspected dengue case each patient presenting fatuie
illness with a maximum duration of seven days, aquanied by



at least two of the signs or symptoms as headjale¢®-orbital
pain, myalgid, arthralgid, prostratiofi or rash, with or without

B. Diagnostic Tools
The accurate diagnosis of dengue is carried byl@®sro

the presence of bleeding or bleeding with = positivegyever, this test is performed in laboratories aodpitals.

epidemiological history, having been in the lastddys in an
dengue transmission area or has the presence efs/ssyypti
mosquito[12].

Other pathological symptoms observed are:
* Severe and continuous abdominal pain

The patient does not support superficial abdonpafdation
and may prevent movement of sitting and walking.

» Orthostatic hypotension and / or synchpe
» Persistent Vomiting;

The patient does not tolerate the ingestion ofaubstance
including water.

« Painful hepatomegaly;
The patient has an increased liver size.
* Bleeding from mucosa;

The patient has bleeding in respiratory mucosa /and
digestive system

» Drowsiness and / or irritability;

The patient with difficulty in maintaining alertreesand
psychomotor agitation presents

* Decreased diuresis;

Due to the dehydration caused by vomiting and / o __

hypotension
e Hypothermia;
Difficulty in maintaining normal body temperature.
* Sudden increase in hematocrit;
Proportional imbalance of water and blood cells.
* Abrupt platelet decrease;
* Respiratory Distress

The patient has difficulty breathing, which may dee to
bleeding or lung edema.

A. Risk Factosr Related to the Disease

The occurrence of dengue this directly connectesotoe
factors risks where the main are:

* places without adequate sanitation

* poor/bad garbage collection system places

1 Medical term for pain in the head

2Term used to explain muscle pain in any part ofitbey

3 It means joint pain

4|t is complete physical and mental exhaustion| fatanobility and
lack of reaction of external requests.

Therefore, rapid diagnosis is important in orderréerring
patients for treatment. The main tests are:

« Serology;
* Blood Count.

C. Evolution of built models

The network construction was completed in two stepn
iterative manner, obtained two models as resultscrieed
below.

The first model built is shown in Figure 3, this deb
contains only part of dengue fever direct path@asgi

The main purpose of this model is pre-select whietwork
nodes and show that such nodes can indicate arsythmatom.
It follows the model and decides to withdraw théareek node
peritonitis, since there is no added value in tleeabery of
diagnostic

Starting from this study, we worked on improvinge th
network seeking to identify and classify patientdwgymptoms
of dengue fever or dengue hemorrhagic and it iscthstrated
in Figure 4

The separation of nodes that are informed fromutters,
health workers and experts is also clear in tharéigoelow,
showing the two steps to be taken in obtainingrif@mation.

Tocars_som_sanamerio_adoquads )

(ot parstaries )

ot e e )

Fig. 3. First model of the network created from Netica

5 Skin Eruption usually red that happens becausieofiilation of
blood vessels
6Act of standing with his foot on the floor and lemgended



R S Ui Node Yes No
S \ Painful_hepatomegaly 7% 93%
. - Dor_adominal_intensa_contir 5% 95%
o Decreased_diure: 30% 70%
v Connaae
AN Orthostatic_hypotension 15% 85%
[ Irritability_and_drowsiness 1% 99%
PR P : T Hypothermia 40% 60%
rm— Poor_garbage_collection_system_placel 35% 65%
Respiratory_Distress 25% 75%
Fig. 4. Second model of the network created from Netica Sudden_increase_of_hematocrit 25% 75%
X Persistent_Vomiting 5% 95%
Observed in the models created, some symptoms could ; - N .
indicate the severity of dengue. In relation toegaties, all Places_without_adequate_sanitation | 30% | 70%
nodes were defined only two: Yes and No. This regneation
is appropriate when there is a disease with maoiofa or Only three nodes have conditional probability edat
causes a disease. For example, for node DenguerHemic  regpectively to the parents in the LARIISA_Bay netkv For
Fever network constructed in this work, the symsare: the detailing of this probability the nodes wereidid in two

Abrupt_platelet_decrease, Sudden_increase_of_heritato 9roups: diagnosed exams and disease symptoms.cHes of
Hypothermia,  Respiratory_Distress, Decreased_digres the group disease symptoms represent the disearseetdristics

iritability_and_drowsiness Painful_hepatomegaly. that, even though it is difficult to measure, indispensable for
Persistent_Vomiting, Orthostatic_hypotension, the modeling. Architecture
poor_garbage_collection_system_places, TABLE I c Pr
Severe_and_continuous_abdominal pain, : ONDICIONAL PROBABILITY
places_without_adequate_sanitation and Variable Blood_Count_Change
Bleeding_from_mucosaln this paper, the model was used Condition ~Ye | No _
noisy-or nodes fodengue_hemorrhagiandDengue_fever Categories

Dengue = Yes 87% 13%

Dengue = No 62% 38%

TABLE IIl. CONDICIONAL PROBABILITY
Variable
Condition Serology_Change
. Yes No

Categories

Dengue = Yes| 99% 1%

Dengue = No 9% 91%

Fig. 5. Final model of the network created from Netica

VIl.  MODELING THE LARIISA AND

With the proceeding of the meeting were able tater¢he LARIISA_BAY
final model of the network, Figure 5, which wasdias the basis LARIISA_Bay is a mechanism to support decision mgki

of inferences used in LARIISA_Bay based on probabilistidata for dengue fever disease. This is an
C. Obtening Probabilities aggregate component to the architecture of LARIiSAject

For the quantification of the Bayesian Network presd in that aims to support experts in the diagnosis nfjde in tort.

this paper was used the direct description of fitifias, using The contributions of this work was the creationaohew
tables that be expert physician filled in, from ithewn  architecture for LARIISA. As shown in Figure 8, ghi
professional experience and bibliographic datah®uethod the  architecture consists of the following components:

facilitated the quick acquiring of the probabilitjdollowed by .

the correction of some of the value of these prifitiab that * Entry System;

were incoherent to the evaluation performed. o Interface composed by the patient, health

worker and specialist;
TABLE I. PRIORPROBABILITY

o0 Sensors the patient's vital signs;

Node Yes No
Abrupt_platelet_decrease 1% 99% 0 Other providers of the context;




0 The Metadata created from the interface and decision making based on an analysis of information
sensors above; provided by Interface Module Decision scenario. In
this case, it is for the Agent Governance gauge

whether to delegate decision making to Module

+ LARIISA_Bay; Inference own LARIISA_Bay (Pass Through) or
whether it is preferable to monitor the system
pending the availability of experts for decision

making.

o Inference Module of LARIISA_Bay: contains
the Bayesian network created from a
constructed with the help of specialists table

It is noteworthy that in any of the above scenarite

0 The Situation Room: contains the interface component acts LARIISA_Bay with a reducing the stmp
that feeds the decision module. In this modulegpace

reside experts who receive support for

decision making. . - - =
Interface Inference Interface Decision
« Output System; =2 Modute Lo Modle ®
o Dialogue with the patient; n B-». o ®
o Triggering the health care agent; P ) o Bracas ww ®
=p: | [
SITUATION ROOM it
ENTRY
| o B e .0
giffe [ = 2 o= @
© 2 ! AA‘:“A"‘) \—>© °

I»O}ﬁ E 2 = $ ®

e Lol ug & s [ Iy ’ G

Health Unit ‘Ambulance Specialist Pass ‘ ’ °
Through

— Graph of Epidemic A €f(%) @
L© ® &
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. mersoama_

Fig. 7. Functional architecture of LARISSA-BAY

Ly
: LARIISA-BAY
LE 8 & i Also on figure 6, the user interface is a subsehefhealth
e, b deomen, | LARISA agent interface. This last one is a subset of xpere interface.
Fig. 6. Proposed System Architecture Figure 7 shows the screens and reports associgpdatively

to the user, health agent and expert profiles.
The functional architecture of LARIISA_Bay consists4
modules (Figure 7), extracted from LARIISA architee Vill.  CONCLUSION
(Figure 6). The Decision Module Interface deseratention, The decision-making process on health system bez@me
which defines the application scenarios. It is apah Agent complex process because it involves many varian@snded
Governance (not shown in Figures 6 and 7) selectiregof the by uncertainties. These are both inherent to thiewsactors in
following three scenarios: the system (user, health agent, physicians, hospiaagers,
1. Decision Specialist: scenario that considers thgecretaries etc) as marginal factors to these sa¢tmasonal
existence of a team of experts able to better disgn ©PIdemics, economic and social aspects).
the injury of dengue from information received from  The contribution of this paper is regarding how the
the Interface Module Decision LARIISA_Bay. information uncertainties are treated. Therefamelates to both
From this information, the result of the inferencekey-concepts of LARIISA: the representation con@are
module features the team would take the mospased system and representation of the knowledgetajogy.
appropriate decision in dealing with a particular|t best demonstrated with the introduction of LARA_Bay, a
patient; new component of the inference mechanism of the IL3R

2. Validation Specialist: intermediate scenario betwee Project.

the two mentioned above. In this scenario it is  Three approaches should be highlighted on the poracel

estimated that a shortage of professionals fogevelopment of LARIISA Bay, proposed in this pames

decision making. However, it is considered that thecomplement to the LARIISA platform.

information provided by the Interface Module . . o

Decision can be filtered / validated rather than * This component assists a team of specialists terbet

analyzed as in the first scenario; diagnose dengue cases as collects data from system

N N . . users, classifying them as: emergency (dengue

3. "Pass Thought™ scenery diametrically opposed to hemorrhagic fever), severe (presence of dengue)feve
earlier regarding availability of specialized stfaff normal (absence of the disease). From this claasiin,



strategies in the base information of modeling witiology.

the team of experts can make the decision more
accurately, for example, the immediate action ofisey  [1]
an ambulance or to ask a health care agent tothisit
patient or, simply, giving instructions on how tead
with the case, accordingly to the classification 2
* The creation of structure of the Bayesian Netward a
the quantification of probabilities were done witie
help of experts. They were obtained based orfl
bibliographic data and through meetings with spedif
physician. The probabilities were obtained throug
technical clarification, questionnaires and subsetu
correction of the initial values.

H4]

* The proposed model of this interface involves stgrt
from mobile interfaces to the placement of metattza
are able to feed the table of probabilities to By
Network created from consults to various experts]
professionals of dengue fever worsening. Three
interfaces developed (user, health agent and gxaert

[5]

related to three different metadata that transthe  [7]
different levels of access to information and deocis
ability. That is, even though the final decisioriidue 8
fever diagnosed) is the expert’s, the health agedtthe
user are also decision-makers in restricted cases.

Finally, it is important to highlight that the saraelution 9]
proposed in the paper can be analyzed and evaltsdted) as
reference an ontological domain model built to mée |
strategic goals of the study area. The researcthybfid
mechanism, using Bayesian Network and ontology,esdke [11]
prediction more refined and enable indirect infeemnthat are
difficult to obtain without a modeling based ondangy. In this
case, the Bayesian Network result could feed thelagical  [12]
model, e.g. its data base, and from there, gentrateesulting
inference to the LARIISA ontology, using semantiesearch 13]

This work tries to developing a design registered the

Information Technology Department of SUS (DATASUS,
Portuguese) for management governance in health.
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