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s.uu.nlAbstra
t. To establish its 
lini
al value, a probabilisti
 network is typ-i
ally subje
ted to an evaluation study using real patient data from the�eld of appli
ation. The results of su
h a study are often summarised inthe per
entage of 
orre
tly predi
ted out
omes. In this paper, we pro-pose the use of a fore
asting s
ore as an alternative way of expressingthe 
lini
al value of a network. Su
h a s
ore takes not just the predi
tedout
ome into 
onsideration but also the asso
iated distribution of un
er-tainty. We illustrate the use and interpretation of the Brier fore
astings
ore for a real-life probabilisti
 network in on
ology.1 Introdu
tionAn in
reasing number of de
ision-support systems are being designed that aimat supporting the tasks of medi
al diagnosis and prognosti
ation. More andmore of these systems build upon a probabilisti
 network for 
apturing andreasoning about the un
ertainties involved in these tasks. A probabilisti
 networkis a 
on
ise representation of a joint probability distribution and provides foreÆ
iently 
omputing any probability of interest over its variables [1℄.To establish the 
lini
al value of a probabilisti
 network that is developedfor a medi
al �eld of appli
ation, it is typi
ally subje
ted to an evaluation studyusing real patient data. Su
h a study amounts to entering the data available forea
h patient into the network, 
omputing the most likely diagnosis or prognosis,and 
omparing this out
ome against a given standard of validity. The per
entageof 
orre
tly predi
ted out
omes is then taken to 
onvey the 
lini
al value of thenetwork. For example, a per
entage 
orre
t of 85% is taken to indi
ate thatthe network establishes the 
orre
t out
ome for 85 out of every 100 patients. Aper
entage 
orre
t 
annot be interpreted just like that, however, as it pertainsto a spe
i�
 data 
olle
tion. Ea
h data 
olle
tion is likely to in
lude errors, tore
e
t biases, and to show the e�e
ts of random variation. These fa
tors a�e
tthe per
entage 
orre
t for the network under study, yet the per
entage does notexpress the extent to whi
h they do so.While for 
omputing a network's per
entage 
orre
t a single out
ome perpatient is established, the network in essen
e does not yield a single, determin-isti
 out
ome. Instead, it produ
es a posterior probability distribution for the1



out
ome variable. Sin
e the per
entage 
orre
t only 
onsiders the most likelyout
ome, it disregards the un
ertainty expressed by the posterior distribution.To in
orporate this un
ertainty in the assessment of a network's 
lini
al value,we propose the use of a fore
asting s
ore from the �eld of statisti
al fore
asting.We illustrate the use and interpretation of su
h a s
ore by means of an evaluationstudy of a real-life probabilisti
 network in the �eld of oesophageal 
an
er.The paper is organised as follows. In Se
t. 2, we brie
y des
ribe the oesoph-agus network and the available patient data. Se
t. 3 presents the results froman evaluation study of the network in terms of its per
entage 
orre
t. Se
t. 4introdu
es the Brier s
ore as an alternative way of summarising the results fromthe study. The paper ends with our 
on
luding observations in Se
t. 5.2 The Oesophagus Network and the Patient DataWith the help of two experts in gastrointestinal on
ology from the NetherlandsCan
er Institute, Antoni van Leeuwenhoekhuis, we 
onstru
ted a probabilisti
network in the �eld of oesophageal 
an
er. The network details the 
hara
ter-isti
s of an oesophageal tumour and 
aptures the pathophysiologi
al pro
essesasso
iated with its growth. The advan
e of the 
an
er is summarised in its stage,whi
h 
an be either I, IIA, IIB, III, IVA, or IVB, in progressive order. The net-work 
urrently in
ludes 42 statisti
al variables and almost 1000 (judgmental)probabilities [2℄, and provides for 
omputing the most likely stage of a patient's
an
er based upon his or her symptoms and test results.For studying the 
lini
al value of the oesophagus network, the medi
al re
ordsof 156 patients diagnosed with oesophageal 
an
er were available from the Antonivan Leeuwenhoekhuis; these data had not been used in the 
onstru
tion of thenetwork. For ea
h patient between 6 and 21 di�erent symptoms and test resultsare available. Also re
orded is the stage of the patient's 
an
er as established bythe attending physi
ian. In our evaluation study, we take these stages for thestandard of validity to 
ompare the out
omes of our network against.3 The Per
entage Corre
t and its Short
omingsUsing the available patient data, we 
ondu
ted an evaluation study of the oe-sophagus network. We entered, for ea
h patient, all symptoms and test resultsavailable and 
omputed the most likely stage for the patient's 
an
er; we then
ompared this stage against the one mentioned in the patient's medi
al re
ord.The results are summarised in the table of Fig. 1, on the left. We �nd that thenetwork establishes the 
orre
t stage for 133 of the 156 patients, that is, we �nda per
entage 
orre
t of 85%.The numbers of 
orre
tly and in
orre
tly staged patients, as shown in Fig. 1,do not 
onvey any information about the un
ertainty in the out
omes 
omputedfrom the oesophagus network. We re
all that the network yields, for ea
h patient,a posterior probability distribution over the possible stages of his or her 
an
er;as an example, Fig. 2 shows the probability distributions that are yielded for2



network networkI IIA IIB III IVA IVB I IIA IIB III IVA IVBI 2 0 0 0 0 0 0.21 { { { { {IIA 0 37 0 1 0 0 { 0.28 { 1.52 { {data IIB 0 1 0 3 0 0 { 1.17 { 0.98 { {III 1 10 0 36 0 0 1.40 0.89 { 0.26 { {IVA 0 0 0 4 35 0 { { { 0.75 0.08 {IVB 0 0 0 3 0 23 { { { 0.87 { 0.06Fig. 1. Results from the evaluation study: the numbers of 
orre
tly and in
orre
tlystaged patients (left) and the average Brier s
ores (right)three real patients. Now, su
h a 
omputed distribution may 
learly point to asingle most likely stage. The medi
al re
ord of patient 1, for example, mentionsstage IVA for his 
an
er. Stage IVA is indeed yielded by the network as themost likely stage; moreover, it is predi
ted with high probability, indi
ating thatthere is little doubt as to the true stage of this patient's 
an
er. The 
omputedposterior distribution, however, may also reveal 
onsiderable un
ertainty. Themedi
al re
ord of patient 2, for example, mentions stage III. The network indeed�nds III for the most likely stage, but not without 
onsiderable doubt: it assignsrelatively high probabilities to the stages IVA and IVB as well. For patient 3,the medi
al re
ord also states stage III, yet the network yields stage IIA. Theprobability 
omputed for stage III, however, is almost equal to the probability ofstage IIA. The per
entage 
orre
t reported for the network does not express thesedistributions of un
ertainty over the various di�erent stages. For the patientsshown in Fig. 2, the network's predi
tions are 
lassi�ed simply as 
orre
t for the�rst two patients and as in
orre
t for patient 3.
Stage for patient 1

0
0
0.0159
0.0882
0.8245
0.0714

I
IIA
IIB
III
IVA
IVB

Stage for patient 2

0
0
0.0002
0.3616
0.3498
0.2884

I
IIA
IIB
III
IVA
IVB

Stage for patient 3

0.0222
0.3753
0.0459
0.3714
0.0916
0.0936

I
IIA
IIB
III
IVA
IVBFig. 2. The posterior distributions over the six possible stages for three patients; themedi
al re
ords state stage IVA for patient 1 and stage III for patients 2 and 33



4 The Fore
asting S
oreAs illustrated in the previous se
tion, the per
entage 
orre
t as a summary ofevaluation results does not take the un
ertainties of a network's predi
tions intoa

ount. We feel that for assessing the 
lini
al value of a real-life probabilisti
network, not just the most likely out
ome but also the posterior distributionover all possible out
omes should be studied. To this end, we observe that prob-abilisti
 networks in essen
e are probabilisti
 fore
asters. For the oesophagusnetwork, for example, the posterior distribution over the six possible stages thatis 
omputed for a spe
i�
 patient, 
an be viewed as a fore
ast for the true stageof this patient's 
an
er. An alternative way of establishing the 
lini
al value ofa probabilisti
 network now is to assess its quality as a fore
aster.In the �eld of statisti
al fore
asting, various di�erent s
ores for expressingthe quality of a probabilisti
 fore
aster have been developed, among whi
h theBrier s
ore is the best known [3℄. We illustrate the basi
 idea of this s
ore forour oesophagus network. For ea
h patient i, the network yields a fore
ast that is
omposed of the posterior probabilities pij over the stages j = I ; : : : ; IVB. TheBrier s
ore Bi of this fore
ast is de�ned asBi = Xj=I;:::;IVB(pij � sij)2where sij = 1 if the medi
al re
ord of patient i states stage j, and sij = 0otherwise. If the network would yield the 
orre
t stage with 
ertainty, then theasso
iated Brier s
ore would be equal to 0; for an in
orre
t deterministi
 fore
ast,the s
ore would be 2. The Brier s
ore thus ranges between 0 and 2, and the betterthe fore
ast, the lower the s
ore.The Brier s
ores of the fore
asts for the three patients from Fig. 2 are B1 =0:04; B2 = 0:61, and B3 = 0:56, respe
tively. These s
ores reveal that thefore
ast for patient 1 is of high quality. The fore
asts for patients 2 and 3, on theother hand, appear to be of lesser quality. We re
all that the fore
ast for patient3 is equivo
al as a result of two stages being almost equally likely. For patient 2,there is even more un
ertainty in the fore
ast, as there are three almost equallylikely stages. These observations are re
e
ted in the asso
iated Brier s
ores: thes
ore for patient 3 indi
ates higher quality than the s
ore for patient 2. While,in terms of the numbers of 
orre
tly and in
orre
tly staged patients, the fore
astfor patient 2 is 
orre
t and the fore
ast for patient 3 is in
orre
t, the use of theBrier s
ore results in a more balan
ed quality assessment.Now, to assess the quality of the oesophagus network as a probabilisti
 fore-
aster, we on
e again 
ondu
ted an evaluation study using the available patientdata. We entered, for ea
h patient, all symptoms and test results available and
omputed the posterior probability distribution over the possible stages of thepatient's 
an
er; we then 
omputed the Brier s
ore of the resulting fore
ast, giventhe stage mentioned in the patient's medi
al re
ord. The table of Fig. 1 sum-marises, on the right, the averaged Brier s
ores. The low s
ores on the diagonalsignify that the asso
iated fore
asts are of high quality. The higher s
ores besidethe diagonal indi
ate fore
asts of lesser quality. The relatively poor quality of4



these fore
asts may have its origin in un
ertainty as to whi
h stage is the trueone, as for example for the patients 2 and 3 dis
ussed above. A higher s
ore 
analso result, however, from a fore
ast that asso
iates a high probability with anin
orre
t stage and may thus point to a possible modelling error in the network.The quality of a real-life probabilisti
 network 
an now be expressed in anoverall s
ore that averages the s
ores of the separate fore
asts yielded for a given
olle
tion of patients. For the oesophagus network, we �nd an overall Brier s
oreof 0:29 for the available patient data. To interpret this number, we 
ompare itagainst the overall s
ores found for three more or less uninformed fore
asters. The�rst of these fore
asters does not use any domain knowledge: for ea
h patient,it simply returns a uniform probability distribution over the six possible stages.This fore
aster has an overall Brier s
ore of 0:83. The se
ond fore
aster yields,for ea
h patient, the prior distribution over the possible stages 
omputed fromthe network. This fore
aster has an overall Brier s
ore of 0:80 and is thereforeslightly more informed than the uniform fore
aster. The third fore
aster, to
on
lude, yields, for ea
h patient, the prior distribution over the stages re
ordedin the data 
olle
tion. This fore
aster has an overall Brier s
ore of 0:76, whi
his slightly lower than the overall s
ore of the se
ond fore
aster as a result of itsbias towards the data. The mu
h lower Brier s
ore of the oesophagus networknow 
onveys that the network builds upon its knowledge of oesophageal 
an
erto arrive at relatively good fore
asts.5 Con
lusionsThe 
lini
al value of a probabilisti
 network that is developed for a medi
al ap-pli
ation, is typi
ally established by subje
ting it to an evaluation study usingreal patient data. We argued that the per
entage 
orre
t that is generally 
om-puted from su
h a study, hides the distribution of un
ertainties over the possibleout
omes and 
onsequently hides the network's doubt as to the true out
ome.We suggested the use of a fore
asting s
ore to yield a more balan
ed value as-sessment for a probabilisti
 network. We showed that su
h a s
ore takes not justthe most likely out
ome but all possible out
omes with their asso
iated un
er-tainties into 
onsideration and thereby provides useful information in additionto the per
entage 
orre
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