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Abstract

Diagnosing ventilator-associated pneumonia in
mechanically ventilated patients in intensive care
units is currently seen as a clinical challenge.
The difficulty in diagnosing ventilator-associated
pneumonia stems from the lack of a simple yet
accurate diagnostic test. To assist clinicians in
diagnosing and treating patients with pneumo-
nia, a decision-theoretic network was designed
with the help of domain experts. A major lim-
itation of this network is its inability to represent
pneumonia as a dynamic process that progresses
over time. In this paper, we construct a dynamic
Bayesian network that explicitly captures the de-
velopment of the disease through time. We dis-
cuss how probability elicitation from domain ex-
perts serves to quantify the dynamics involved
and show how the nature of patient data helps re-
duce the computational burden of inference. We
evaluate the diagnostic performance of our dy-
namic model and report promising results.
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gotracheobronchial tree by pathogens and the onset and de-
velopment ofpneumonia Although both processes evolve
dynamically, these dynamics were not explicitly modelled
by means of temporal transitions in the network described
above. Instead, the dynamics of the processes were implic-
itly modelled by additional interactions between the dura-
tion of stay and the duration of mechanical ventilation of

a patient with the colonisation by pathogens. The main
motivation for this simplification was the large amount of
data needed to specify the probability distribution underly-
ing the stochastic processes and the increase in computa-
tional requirements. The network thus constitutesadic
simplification of the domain which obscures its dynamic
nature. In fact, the static network was used for every pa-
tient for each day on the ICU separately, without taking
into account the patient’s characteristics from earlier days.
As the development of VAP is a dynamic process, we need
to model time in a more explicit way to improve the diag-
nosis.

In this paper, we ameliorate the problems related with
having modelled VAP as a dynamic process. We develop
a dynamic Bayesian network that explicitly captures the
temporal relationships between the variadigls our fo-
cus thereby is on the diagnostic part of the network. We

Many patients admitted to an intensive care unit (ICU) need!Se the method of Van der Gaag et F], for the elicita-
respiratory support by a mechanical ventilator; in addi-tion, from dpmam experts, of the proba_lb|llty distribution (_)f
tion, many of these patients are affected by severe disea$de underlying stochastic process. This method transcribes
which may result in depression of their immune System_probabllltles and uses a scale with both numerical and ver-
Both conditions promote the development of Vem“ator_bal_anchors that assists experts to assess many pr0b4_’:lbI|ItIeS
associated pneumonia (VAP) in these patients. Because #t little ime. Moreover, we discuss how the computational
the wide-spread dissemination of multiresistant bacteria apurden of inference in our model can be eased by exploiting
the ICU, effective and fast treatment of VAP is seen as arihe nature of the observations involved, with just a small
issue of major significance. The difficulty of the diagnosis 0SS in accuracy2].
of VAP is in the lack of a gold standard; VAP is therefore We evaluated our dynamic network on a group of pa-
diagnosed by taking a number of different clinical featurestients, drawn from the files of the ICU of the University
into accoun{7]. Medical Centre Utrecht in the Netherlands. Our results in-
A probabilistic and decision-theoretic netwd®, rep-  dicate that the dynamic model is capable of distinguishing
resenting the uncertainties and preferences involved ifetween patients with VAP and without VAP. By exploiting
dealing with the treatment of VAP, was constructed by Lu-all available past information of a patient, it in fact yields
cas et al.[4]. The network was developed with the help better predictions than the static model. This occurs specif-
of two infectious disease experts, who assessed both i§ally for patients without VAP, for whom we notice that the
qualitative structure and its numerical part. The goal of theuse of previous information leads to much lower estimates
network was to prescribe an optimal antimicrobial therapyfor VAP than the ones obtained from the static network.
and thereby assist clinicians in treating patients with VAP.  The remainder of this paper is organised as follows. In
A prominent role in the domain of pneumonia is playedthe next section, we briefly describe the static probabilistic
by two stochastic processes: ttaonisationof the laryn-  and decision-theoretic network that had been developed be-
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Figure 2: Symptoms and signs of pneumonia.

Figure 1: Global structure of the sVAP network. The
dashed box indicates the network’s diagnostic part.

fore for the management of patients with VAP. In Section 3,
we discuss the construction of a dynamic network for VAP.
Section 4 presents the results of an experimental evaluation
of our network. The paper ends with our conclusions and
directions for further research in Section 5.

pneumonia

pneumonia

2 Pathophysiology of VAP

Ventilator-associated pneumonia is a low-prevalence dis-
ease occurring in mechanically-ventilated patients in crit-
ical care and involves infection of the lower respiratory _ ) ) o
tract[1]. In contrast to infections of more frequently in- Figure 3: Det_a|led structure of the influence of colonisation
volved organs (such as the urinary tract), for which mor-On pneumonia.

tality is low, ranging from 1 to 4%, the mortality rate
for VAP ranges from 24 to 50% and can reach 76% for
some high-risk pathogens. Important factors related to th
development of VAP include an increasbddy temper-
ature, the use ofantipyretic drugs an abnormal amount

of colouredsputum signson the chest X-ray, an abnor- i .
mal ratio between the amount of oxygen in the arteriald A dynamic Bayesian network for VAP

blood and the fractional inspired oxygen concentration,, this section, we describe the construction of a dynamic

that is, pO,/FiO,, the duration oimechanical ventilation  gayesian network that represents explicitly the develop-
and an abnormal number &ucocytes As diagnosing @ ment of pneumonia. In addition, we address the compu-
disorder in medicine involves reasoning with uncertainty,iational burden of inference with the network.

a decision-theoretic network was constructed as part of a
dgcision-support system to assist cIiniciar!s in the_ diagnog 1 Preliminaries
sis and treatment of VAP in the ICI4],[7]. Figure 1 illus- i i ) _
trates the network, which we call the static VAP network, A dynamic Bayesian network is a graphical model that
os sVAP network for short. The signs and symptoms in-encodes a joint probability distribution on a set of
cluded in the SVAP network are shown in more detail inStochastic variables, explicitly capturing the temporal re-
Figure 2. lationships between them. More formally, &, =
The relationship between tlwlonisationby pathogens  (Vas---» V;"),m > 1, denote the set of variables at time
and the development gheumonias captured in the sVAP  Stépn. Then, a dynamic Bayesian network is a tuple
network as follows. Periodically, a sample of the patient's(B1, B2), whereB, is a Bayesian network that represents
sputum is cultured at the laboratory. When the culturethe prior d|str|b_ut|on for the v_a_rlables at _the flr_st time step
shows a number of colonies of a particular bacterium thatig’t» @nd Bz defines the transitional relationships between
above a certain threshold, the patient is said to be colonisedl€ variables in two consecutive time steps, so that for ev-
by this bacterium. The seven groups of microorganism&ryn=2

and symptoms constitute the basis for choosing optimal an-
fimicrobial treatment on multi-resistant bacteria and is con-
sidered best practice.

that occur most frequently in critically ill patients and cause m
colonisation, are modelled in the therapeutic part of the VR, — Vil (Vi

) . A i P —1) = P ™
network. Figure 3 depicts the probabilistic relation be- Vo | Vo) g (Vo [ (V)

tween the seven groups of microorganisms of colonisation _ _
to pneumonia. Information about which bacterium or bac-where 7(V;?) denotes the set of parents ©f, for i =
teria are currently present in a patient and the current signs, . . . , m.



We distinguish between two types of relationship in a
dynamic Bayesian networkransitionalrelations that cap-
ture a dependence among variables between different time
steps, andocal relations that capture a dependence be-
tween variables within the same time step. If a relationship
exists between the same variable over different time steps,

hospitalisation
Mechanical
ventilation

previous previous
antibiotics antibiotics
G Comed

this variable is calleghersistent Based on the two types of
relationship, per time step, the set of variablgsis split
into three mutually exclusive and collectively exhaustive
setsZ,,, X,, V., Where the set$,,, ),, constitute the input
and output variables and,, consists of the hidden vari-
ables for the time step under study. Usually, includes
observable variables that affect the probability distribution
of X,,, while ), includes observable variables whose prob-
ability distribution is affected byx,,. The setX,, includes
the variables that represent the stochastic processes of t
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Figure 4. The dVAP network for the diagnosis of VAP;
clear nodes are hidden, shaded nodes are observable. The
dashed boxes indicate the hidden processes of the network.

he

network and whose values are never observed. Later in thinat the variablesospitalisationand mechanical ventila-

paper, we will need the notion édrward interfaceof a dy-
namic network, which is the set of variables at time step
that affect some variables at time step- 1.

Dynamic Bayesian networks are usually assumed to b

tion are observed for a period that is longer than the transi-
tion interval of the model. The variables thus are modelled
as affecting adjacent time steps. The varightvious an-

tibiotics represents the effect of previous medication to the

time invariant, which means that the topology and the papatient on the process of colonisation.
rameters of the network per time step and across time steps One of the difficulties in constructing the dVAP model,

do not change. Moreover, the Markov property for tran-
sitional dependence is assumed, which meanssttidf)
can include variables either from the same time stegr
from the previous step— 1, but not from earlier time steps
[5]. Then, by unrollingB; for N time steps, a joint prob-
ability distributionp(V1, . .., V) is defined for which the
following decomposition property holds:

N m
p(VrsVn) = [T e | 7(Vi)

n=14i=1

Applying a dynamic Bayesian network usually amounts
to computing the marginal probability distributions of the
hidden variables at different times. The computations in
volved constitute thénference Three types of inference
are distinguishedMonitoring is the task of computing the
probability distribution forX,, at timen given the observa-
tions that are available up to and including timeSmooth-
ing is the task of computing the marginal probability distri-
bution for X, at timen given the observations available up
to time N whereN > n. Finally, forecastings the task of
predicting the probability distribution ot,, at timen given
the observations that are available about the past up to ti
N whereN < n.

3.2 Modelling issues

A natural extension of the diagnostic part of the sSVAP net-
work is a network that represents time explicl#y. Figure

4 gives an overview of the structure of the dynamic net-
work that we constructed for the diagnosis of VAP, which
we call the dVAP network. The dVAP network includes

m

was defining the length of the transition interval. It may
seem trivial in general to decide upon the actual inter-
val length, but in our case it proved to be rather difficult
since there was na-priori commonly acknowledged inter-

val length that appropriately represents the evolution of the
unobserved disease. Also, there was not a standard inter-
val with which observations were collected in our data files.
The latter can be attributed to most of the measurements be-
ing collected by nurses; for example, observable variables
such asbody temperaturend sputum colourwere mea-
sured frequently (approximately every two or three hours),
while variables such amdiological signsandleucocytosis
were measured once per day. Based on these insights, we
decided to use a transition interval of one day (24 hours)

for the dVAP network. Within this interval, the network
aggregatedhe observations in a way similar to the previ-
ously constructed static network. For each observable vari-
able, the value most frequently observed during the day was
chosen as representative for that day; in cases where there
was no prevalent value in the data, the worst value observed
for the patient was chosen, to allow foonservativecon-
clusions from the network. The chosen transition interval
%ppealed to be compatible with the application characteris-
ics and admissible by the domain experts.

A main issue in building the dVAP network was the ac-
quisition of all conditional probabilities required. Although
the three ICUs that acted as a setting for this study used the
same shared computer-based patient record system, it ap-
peared very hard to select relevant patient cases from the
collected data. The main reason was that VAP is always a
concomitant disease. As a consequence, clinicians tend to
not report the presence of VAP in a patient. We thus found

two interacting dynamic hidden processes, modelled by théhat only in a very small proportion of cases, a patient was

variablescolonisationand pneumonia there is no transi-
tional influence between them, but both are persistent. Th
process of colonisation is influenced by three input vari-
ables hospitalisation mechanical ventilatiomndprevious
antibiotics which in essence control its dynamics. We note

reported as having VAP. Since we could not exploit the data
for estimating the probabilities for our network, all param-
eters had to be assessed by experts. Compared to the sVAP
network, the new parameters to be assessed concerned the
dynamics of the stochastic processes of colonisation and
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Suppose a patient has been mechanically ventilated for expected
48 hours and now has pneumonia causedsaureus
If this patient after 24 hours isot mechanically venti- L
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Figure 5: The fragment of text and probability scale for the assessment of the conditional prop§imkiym.aureus=yes
pneum.aureus: yes mech.ventilatios=no,colonisation.aureus yes, phagocytes.dysfunctisryes

pneumonia. To estimate those probabilities from domaimmost recent data for monitoring. This result depends on
experts we used the elicitation method proposed by Vaithe properties of the transition matrix that models the evo-
der Gaag et al[9]. This method is tailored to eliciting a lution of the process, but a detailed description is out of
large number of probabilities in a short time. Its main char-the scope of the present paper. We defineftihhevard ac-
acteristic is the idea of presenting conditional probabilitiesceptable windovw,i’efor the present time step given a

as fragments of text and of providing a scale for markingspecified level of accuraay to be the minimal number of
assessments with both numerical and verbal anchors; fdime steps that we need to use from the past to compute the
every conditional probability that needs to be assessed therobability distribution of the hidden variable at the present
domain experts are provided with a separate figure with théime within the level of accuracy. The scheme below
text and associated scale. Figure 5 shows, as an exampl#ustrates the concept of the forward acceptable window,
the figure pertaining to the conditional probability whose value can be established based upon the properties

p(pneum.aureus=yépneum.aureus- yes mech.ventilatios=no, reviewed above:
colonisation.aureus-yes, phagocytes.dysfunctieryes {1,...,n5,...,n} —{nys,...,n}

for the dVAP network. In total2226 probabilities were
elicited from a single domain expert within a few hours.

total time scope w}i,e
33 C tai I We can now perform inference for time stefpy consider-

: or-npu.f';l lonafissues ing only the forward acceptable windaw/ . without los-
The practlcablllty of thEdVAP network d'epends to a Iargeing too much in accuracy. Note that by doing so, the run-
extent on the C(_)mputa_ltlonal burden _Of inference Wlth_ theume requirements decrease frmn) to O(n — nf)_
network. For diagnosing patients with VAP, we monitor  The main conclusion from the above considerations is
them at each time step. For this purpose, we usélee-  that monitoring in the dVAP network can be eased consid-
face algorithmwith the dVAP network5]. The interface  eraply by exploiting the nature of the observations for a

algorithm is an extension of thenction-tree algorithnfor  patient and by using the forward acceptable window.
inference with Bayesian networks in gend@l| efficiently

exploiting the forward interface of a dynamic network. The : :
algorithm is linear in the total number of time steps and for4 Diagnostic performance
large time scopes, the computation time can prove to b&Ve evaluated the performance of the dVAP network, fo-
prohibitive for practical purposes. cusing on its diagnostic prediction per day. At our disposal
Recent results show that, in case consecutive similar obve had a temporal database with data fr2283 distinct
servations are obtained, the probability distribution of thepatients. Each record contains data collected for a patient
hidden process converges to a limit distribution within aduring a one day stay in the ICU. The source of these data
given level of accuracy?]. After some number of time is the clinical management system used at the Intensive
steps, therefore, there is no need for further inference a€are Units of the University Medical Centre Utrecht in the
long as similar observations are obtained. The phenomendietherlands. Foi57 of these patients, VAP was estab-
of consecutive similar observations was evident for severdished by two infectious-disease specialists. The conclu-
patients in the ICU files. For example, for many patients wesions obtained by the dVAP network were examined on a
found that the same configuration of values was observedroup of20 patients in total5 of which were diagnosed
for all or almost all of the observable variables for a numbemwith VAP. For theses patients we used the data from the
of consecutive days. day of admission to the ICU until the day they were diag-
Using therelative entropydistance measure for distribu- nosed with VAP which wag0 days per patient. For each
tions, we can further show that it suffices to use just theof theseb patients, three patients for whom it was known



VAP [[ no VAP [patientid. || 24528 | 22303 | 23505 | 23844 |

symptoms n=5 || n=15 exact || 0.9987 | 0.0015 | 0.0005 | 0.0325
abnormal temperature || 60% 7% wli000s || 0.9987 | 0.0013 | 0.0005 | 0.0347
mech. ventilation (mean)|| 10d 10d =

abnormal leucocytes 80% 53% ) .

abnormal pQ/FiO, 60% 27% Table 2: Exact and approximate probabilities for VAP for a
abnormal sputum 80% 73% group of matched patients.

coloured sputum 60% 60%

colonised 40% 13% _ Groups

antipyretic drugs 100% || 87% - e

positive X chest 40% 0% o

Table 1: Data summary -y

that they did not develop VAP over time, were matched on
three criteria: gender, number of mechanically ventilated
days, and ICU ward. Table 1 summarises the data for the
5 patients with VAP and for thé5 patients without VAP at
the tenth day of admission. -
To compare the diagnostic performance of the dVAP net- mechanically ventiated days before VAP
work to that of the original sVAP network, we used the
Brier score[6], [8]. We illustrate the Brier score for our Figure 6: The dVAP and sVAP performance over time for a
dVAP network. For each patierif the network yields a group of matched patients; dnVVAP and snVAP represent the
probability distributionp; over the two valueg = 1,2  performance for the three patients without VAP combined.
(yes, no) of pneumonia. The Brier scalg for this dis-
tribution is defined as

mean p(VAP)

) higher probabilities. For the patients diagnosed with VAP,
B; = Z (pij — sij) the two models behave more or less similarly, with the
j=12 highest absolute discrepancy observed in pati8a®3, to
wheres;; = 1 if the medical record of the patient states the Whom the SVAP network assigned a probability of VAP of
valuej, ands;; = 0 otherwise. If the network would yield 0.997 and the dVAP network assigned a probability of VAP
the correct value with certainty for a patient, then the asso0f 0.904.
ciated Brier score would be equal@o For the probability To study the performance of the dVAP network over
distribution computed for any patient, therefore, the Briertime, we computed the probability of VAP for each day and
score ranges betweérand2, and the better the prediction compared it to the respective probability from the sVAP
is, the lower the score. The Brier scores for all patientshetwork. In Figure 6 we plot, for a single group of four
as well as the probability of VAP at the day it was diag- related patients, the probability of VAP for patie2#393

nosed, for the dVAP and the sVAP networks respectivelyand the mean probability of VAP for the matched patients
are shown in Table 3. We note that for 15 patients of the21542, 22301, 22736, from both networks. We observe that

total of 20 the computed Brier score was lower with thefor the patient with VAP the trend in both networks is more
dVAP model than with the sVAP network. or less the same after the fifth time step; to the patients
The quality of the two networks can be expressed in arwithout VAP, however, the dVAP network assigns lower
overall score that is computed from the scores for our colprobabilities than the sVAP network. The dVAP network
lection of patients. Fom patients, the overall Brier score thus is better able to distinguish between VAP and non-

is defined as VAP patients.
B— 1 Z B. To conclude, we performed the computations in the
m._4 ’ dVAP network using different values for the forward ac-
s ceptable windoww! .. We conclude that instead of using

The overall Brier score for the sVAP network can be readilyine opservations for all0 days in the ICU to compute the
computed from Table 3 and equals370, while the over- 5 5papility of VAP, we can use the observations for just the
all Brier score for the dVAP network i8.2376. The lower |55t 5 days with an average error for all patients smaller
score for the dVAP network conveys the information thati,an . — 0.003. For a particular group of matched pa-
this network is better informed than the SVAP network andgients for example, the exact and approximate probabilities
can arrive at relatively good estimates for diagnosing VAP.so- AP are showed in Table 2. We can thus use this for-
Compared to the SVAP network, the dVAP network a4 acceptable window to speed up the computations and
takes into consideration the history of a patient. For theyptain results with an almost negligible error.
patients22122, 23844, 24114, 21542, 22736 for example,
who were not diagnosed with VAP, the dVAP network de- . .
rived low probabilities for the presence of VAP by exploit- 5 Discussion
ing all previous information. The sVAP network, in con- In this paper, we discussed the construction of a probabilis-
trast, used just the current information and produced muckic model that is aimed at assisting ICU clinicians in diag-



[ patientid. [ VAP [|  sVAP | sBrier | dVvAP | dBrier
22022 yes 0.996913 [ 1.90591-10—> || 0.9987 | 3.38-10°°
22563 no 0.0203017 | 8.24318-10* || 0.1395 | 0.0389205
22716 no 0.167208 0.055917031 0.0558 | 0.00622728
22730 no || 0.00276365 | 1.52755-10" || 0.0002 8§-10°°
23397 yes || 0.00972048 | 1.961307055 0.0002 | 1.99920008
22122 no 0.430888 0.371328937 0.0316 | 0.00199712
22634 no 0.0203017 | 0.000824318 0.0003 1.8-10°7
22659 no 0.193411 0.07481563 0.0309 | 0.00190962
24528 yes 0.999959 3.362-107° 0.9987 | 3.3810°°
22303 no 0.0226662 0.001027513 0.0015 4510°°
23505 no 0.0457446 0.004185137 0.0005 5-10~7
23844 no 0.297688 0.177236291 0.0325 | 0.0021125
25724 yes || 0.0347989 1.863226327 0.0033 | 1.98682178
23872 no 0.0203017 0.000824318 0.0005 5-10~7
24114 no 0.43644 0.380959747 0.099 0.019602
24151 no 0.00999126 | 2.22311-10° [| 7-10° | 9.8-10~ 7
28393 yes 0.996666 | 2.22311-10° || 0.9035 | 0.0186245
21542 no 0.175202 0.061391482 0.0218 | 0.00095048
22301 no 0.0740135 0.010955996 0.0013 | 3.38-10°°
22736 no 0.942073 1.775003075 0.581 0.675122

Table 3: Brier scores for the sVAP network and for the dVAP network, respectively.

nosing ventilator-associated pneumonia. In contrast to prewould like to thank Marc Bonten for his valuable com-
vious approaches that used a static decision-theoretic netaents on an earlier version of this paper.

work for this low-prevalence disease, we focused on its dy-

namic evolution and used a dynamic Bayesian network aReferences
the primary tool for representation and inference.

We detailed various modelling steps in the construction
of our dynamic network and described the use of an ef-
ficient procedure for expert elicitation of the probabilities
required. We further argued that a number of convergenc
properties of dynamic Bayesian networks can be exploited
to arrive at feasible algorithms that restrict the computa:
tional burden of inference with such a model. In this way,
we ameliorated two important problems that were consid-
ered impervious in the past: the specification of the prob-
abilities underlying the stochastic process modelled in thd4]
network and the computational burden of inference.

We evaluated our network on a set of ICU patients to
examine its diagnostic accuracy. The lower overall Brier
score of the dynamic network in comparison to the statid®!
one, indicated that representing time explicitly and taking
into consideration the history of the patient, increases di-
agnostic performance. In our evaluation experiments, th
dynamic network proved to be better at distinguishing be-
tween VAP and non-VAP patients than the static network,
especially by assigning lower probabilities of VAP to the [7]
non-VAP patients. In the near future, we intend to improve
the dVAP network by use of the available data for param-{8]
eter learning and to test it on more ICU patients with the
aim of embedding it in the clinical information system of

the ICU.

Acknowledgements

This research was (partly) supported by the Netherlands
Organization for Scientific Research (NWO). The authors

M.J. Bonten. Prevention of infection in the intensive care
unit. Current Opinion in Critical Care 10(5):364-368,
2004.

T. Charitos, P. de Waal, and L.C. van der Gaag. Speeding
up inference in Markovian modelBroceedings of the 18th
International FLAIRS conferencpp. 785-790, 2005.

R.G. Cowell, A.P. Dawid, S.L. Lauritzen, and D.J.
SpiegelhalterProbabilistic Networks and Expert Systems

Springer, 1999.

P.J.F. Lucas, N.C de Bruijn, C.A.M Schurink, and A. Hoe-
pelman. A probabilistic and decision theoretic approach to
the management of infectious disease at the I&ttificial
Intelligence in Medicingl19(3):251-279, 2000.

K. Murphy. Dynamic Bayesian networks: Representation,
Inference and Learning®hD thesis, University of Califor-
nia Berkley, 2002.

H.A. Panofsky and G.W. BrieBome applications of Statis-
tics to Meteorology The Pennsylvania State University,
University Park, Pennsylvania, 1968.

C.A.M. Schurink.Ventilator Associated Pneumonia: a Di-
agnostic ChallengePh.D thesis, Utrecht University, 2003.

L.C. van der Gaag and S. Renooij. Probabilistic networks
as probabilistic forecasterBroceedings of the Ninth Con-
ference on Atrtificial Intelligence in Medicine in Europgp.

294-298, 2003.

L.C. van der Gaag, S. Renooij, C.L.M. Witteman, B. Ale-
man, and B.G. Taal. How to elicit many probabiliti€so-
ceedings of the 15th Conference on Uncertainty in Artificial
Intelligence pp. 647-654, 1999.



