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A Bayesian Network Hybrid Model for
Representing Accident and Emergency Waiting
Times

Adele H. MarshallMember, |EEE

Abstract— The paper introduces a new modeling approach that
represents the waiting times in an Accident and Enmgency
(A&E) Department in a UK based National Health Senice (NHS)
hospital. The technique uses Bayesian networks tamture the
heterogeneity of arriving patients by representinghow patient
covariates interact to influence their waiting times in the
department. Such waiting times have been reviewedylthe NHS
as a means of investigating the efficiency of A&E ebartments
(Emergency Rooms) and how they operate. As a resubictivity
targets are now established based on the patienttéd waiting
times with much emphasis on trolley waits.

Index Terms—Bayes Procedures, Medical Services, Modeling,
Statistics.

. INTRODUCTION

he UK National Health Service (NHS) has received

large amount of media attention concerning theiwvsion
of care to the general public. One aspect, undeticpkar
scrutiny is the queues of waiting patients at Aenid &
Emergency (A&E) departments, the equivalent of Eyaecy
Rooms (ERs) in USA. Upon receipt of their treatmex&E
patients either leave hospital and return homéney become
an emergency admission requiring further medicak aar
attention during a stay in hospital. The numbersmérgency
admissions have been reported to rise rapidly egedr
prompting the NHS to review how A&E departments rape
[1]. The review clearly focuses on targets for A&Etivity.
Monitoring activity has become a necessity by lealre
providers heralded by the introduction of efficigmeasures,
set in place to assist the assessment of thesetgargor
example issues such as the patient total waitmeg fh A&E
have become measures of efficiency for hospital agars
with much emphasis currently concentrated on enmesge
admissions trolley waiting times. These are quiteroreferred
to by both the media and health care managerseasrttiey
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waits’ as they are the times that the emergencyission

patients spend waiting in a hospital trolley (gyinftom the

clinician’s decision to admit (DTA) until they aedlocated a

hospital bed in a hospital ward [2]. In particul&orthern

Ireland has two current targets concerning troleyts.

1) 75% of patients should be admitted to a ward within
hours of DTA.

2) No patient should have a trolley wait greater tHzh
hours.

It is this kind of emphasis on targets that is waitng
health care providers to turn to health care madehs a
means of representing hospital activity and efficiein the
wards, not just for A&E but all aspects of patieate.

Previous research has been carried out on thestitali
modeling of length of stay, the total length of ¢imatients
spend in hospital [3]. This is usually measuredh&snumber
gf days in hospital starting from the moment thigpa arrives
at the hospital ward and is allocated a bed. Qufien it does
not include the time taken to get from A&E untiéthllocation
of a bed or any component of the waiting times expeed
along the way. An alternative representation ofjterof stay
is to consider the time measured from arrival toEA&ntil
departure from hospital. In doing so, the time isasured as
one total amount unlike the research discussedhighgaper
which will investigate one important component ludtt length
of stay time; the trolley waiting time. It is hopeHat the
consideration of waiting times as a separate coepowill
lead to further accuracy in the models.

Reviews of health care modeling (e.g. [3]) havehligdnted
a trend towards the employment of a portfolio othmes and
techniques to include recent developments in stiefields
such as artificial intelligence, data mining andormation
technology. Consider the framework described bypeaf4]
where there are various components or stages dfsasa
combining a preliminary statistical analysis witfiusther data
investigation using methods such as classificatiand
regression tree analysis (CART) and modeling tepkes on
patient length of stay. This is complemented binal stage of
modeling using simulation techniques. In this casajous
data mining, statistical and operational resea@R)(methods
come together to provide operational modeling fosgital
resources. Another example is Walczak et al.’s ys¢ of
neural networks to facilitate the modeling and ptohn of
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resource utilization associated with patient lengthstay in
hospital. Such research implies that the futuremoideling
patient activity in health care systems, is based tloe

successes of current models and the evolution difridhy
approaches formed from techniques within the daitaing

statistics, OR and atrtificial intelligence domains.

This paper presents a hybrid modeling technique ubkas
an approach comprising of a Bayesian network amdival
distribution. The motivation behind the researcts e desire
to create a model that could adequately represenskewed
nature of the survival distribution, the waitinghé of patients
in A&E, while also capturing the interconnectedtfas that
influence this skewed survival. As is the naturenainy health
service research studies, it is difficult to fineheo specific
method that can easily deal with the applicatiommind [3].
Bayesian Network theory [6] is a well advanced dfieif
research whose models can clearly capture intatiseships
between variables, having been applied to manysaoda
research not only within the medical domain. Howeteere
has been little development associated with th&usimn of
continuous variables that are skewed in natureradtively, a
key feature of the advanced statistical methodsSwurivival
Analysis is their suitability and ease in whichthepresent
this skewed continuous data though the representafiinter-
related variables influencing the skewed surviirakes can be
limited. It is with this in mind that a hybrid nietdology was

Il. BAYESIAN NETWORKHYBRID MODEL

The Bayesian network hybrid model consists of two

components as illustrated in Fig. 1. The first commt
utilizes a Bayesian network [6], a graphical stnoes defining
various events, the dependencies between thestsamhthe
conditional probabilities involved in those depemcies. This
can be used to represent the inter-relationshipsvetes
categorical variables. The graphical structurehef tesulting
Bayesian network provides a basis on which to dardithe
second component of the model, the survival distidio.
Survival analysis is a statistical methodology usedepresent
the length of time it takes a certain event to oauch as the
observed time it takes an individual (the experitakanit) to
experience the event [7]. The resulting times fagreup of
observations may be represented by a probabilitysitde
function and generalized to form a survival digitibn. This
allows the probabilities of surviving up until can time
points to be calculated. In the case of the A&Heamds, the
survival distribution represents the continuousetivariable in
the model, the time period in which the patienttsvalhere
are many forms of statistical distribution that cemodel
survival such as the exponential, gamma, Weibulld an
lognormal distributions.

Previous research has led to the development oCtRén
model [8] which specifically models the survivaktlibution
component using a specialist type of distributioown as the

considered and developed using these two modeliRgyian phase-type distribution [9]. Rather thartrietsfurther

mechanisms.

The resulting Bayesian network hybrid model is tdpaf
capturing the heterogeneity of arriving patientgépresenting
how patient covariates interact to influence thskewed
survival distribution of hospital trolley waitingntes.

Fig. 1. Bayesian network hybrid model.

modeling to that of the Coxian phase-type distidntcurrent
research has expanded the C-Ph model to form tlyesizan
network hybrid model incorporating any kind of padiity
distribution as its second component.

Survival
Distributions

The general form of the Bayesian network hybrid eidd
illustrated in Fig. 1 where the first componentaiBayesian
network (BN) whose structure ends with a variakelenred to
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as the outcome node. The existence of such anmetoode
in the BN, eases the learning of the model separatiinto
two components. The first BN component can therebent
independently from the statistical survival model.

Ill.  LEARNING THE BAYESIAN NETWORK HYBRID MODEL

The PowerConstructor [12], software package isgiesl to
learn Bayesian networks from a data set. Usingeetiphase
construction algorithm the software calculates thetual
information that a potential edge would contribusad
determines whether it should be added to the n&twor

3

The next stage is the DTA, the decision from thetaloon
whether the patient should be admitted to a hdspéd for
additional treatment and care. If a patient is dbai to
hospital, they may experience a ‘trolley wait’ ihet A&E
department where they wait for a further periodimf before
proceeding to a bed in one of the hospital’'s wards.

Also recorded were dates/times of various A&E aiitig
such as arrival to A&E, assessment by nurse, exaiom by
doctor, time of departure and, if applicable, tiofeDTA and
time to ward. This facilitated the calculationaf associated
trolley waiting time for all DTA patients.

PowerConstructor takes advantage of Chow and Lui's Twenty-four percent of those patients arriving he A&E

algorithm [13] which uses mutual information forataing
causal relationships and enhances the method kéthddition
of further procedures to form a three stage prooésgucture
learning from the data. The first phase (draftirigkes
advantage of Chow and Liu’s algorithm for identifyistrong
dependencies between variables by calculating tieevof
mutual information gained. The second stage (thicig
performs conditional independence (Cl) tests orspaiinodes
that were not included in the first stage. StagniBining) then
performs further CI tests to ensure that all edgashave been
added are necessary. This three-stage approachgesana
keep to one CI test per decision on an edge thautgbach
stage and as such has a favourable time compleki§(N’)
unlike many of its competitors which have exporanti
complexity.

The resulting Bayesian network will contain a dediscrete
nodes that comprise the variables from the datarmtt set of
directed edges between these nodes. The edgesaepthe
interrelationship or direct influence that the aehites have on
each other. This is quantified by conditional phobgy tables
for each interaction between nodes.

The continuous survival time in the BN hybrid modah be
modeled using a statistical software package suISAS
([14], [15]) or mathematical software such as MATBAL6E].

IV. APPLICATION OF THEBAYESIAN NETWORKHYBRID
MODEL TOA&E DATA

The Bayesian network hybrid model is applied ugiaga
taken from the NIRAES (Northern Ireland Regionakilent
and Emergency System) database. It is based omeall
arrivals at a busy A&E department (Emergency Roawgr a
12 month period between 2005/06. In total, the dsga
contains records for 52,928 new patients preserdinghe
A&E department.

Patient information,
department, includes patient age, sex, arrival atgth
departure method, incident type, assigned priadiye and an

department received the clinician’s decision toadenitted to
a hospital ward and are thus classified as a DTitepia the
remainder are referred to as No DTA as these ar@dhients
who are not admitted but instead return home after
consultation with the doctor. The total time patsespend in
A&E differs substantially depending on whether theatient
has a DTA or not. From inspection of Fig. 2, iafgarent that
the majority of NO DTA patients leave the A&E dejpaent
reasonably quickly as the graph for NO DTA peakarly
with a higher proportion of patients having a saomvaiting
time. The DTA patients have a longer wait in A&Bmwiewer
leaving early in the skewed distribution which gaibff
extensively to the right.

recorded on entry to the A&E

0.8% —

DTA or NG DTA
— DTA patients
NC DTA patients
0.6% =
T
c
o
Q 0.4% -
a
o
0.2% =

0.0% —

- =

T
£ 5
50
aa

ol ey —
mm by -

indicator variable on whether a patient should dmitted to
hospital, that is, whether a decision to admit ()Tas made
or not (No DTA).

On arrival to the A&E department, a patient maytviai a
period of time before seeing a triage nurse fottiahi
assessment. After this they may ‘queue’ for a fnrttime
period before they are given a further examinalipa doctor.

Fig. 2. Distributions of total time in A&E for DTAnd No
DTA patients.

This is also evident when examining the descriptive
statistics of the two distributions. The mean timeA&E for
the DTA patients is 372 (median of 237) minutes parad to
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No DTA patients who, as expected, have a much shoréan
time in A&E of 129 (median of 100) minutes.

The difference in the two distributions may be tu¢rolley
waits experienced by the DTA patients. At the tiofieDTA,
there may not have been any hospital beds avaitabiestead
patients may wait in a trolley. Their time waitiirgthe trolley
would be included as part of the patient’s totaletiin A&E

4

data. In this particular example the trolley wajtitimes were
found to be most suitably modeled using a lognormal
distribution, with parameters; mean 4.18 and dsach
deviation = 1.67 and probability density functianfallows:

possibly explaining why the DTA patients in genenave a
longer total time distribution. This distinction thween the
groups of patient provide support for having arcoate node
in the model where it is obvious that these twaetypf patient
follow distinctly different waiting time distributins in A&E.

The BN component of the model will therefore corsgrihe
patient variables, how they inter-relate and inflce the final
node of the network. The last node in the netwaak be
viewed as a kind of outcome variable such as theA D]
outcome variable in this example. As such this wait as a
connecting node between the rest of the BN compoaed
the survival distribution component (Fig. 1).

As previously stated the NHS targets are focusettalley
waiting times being less than 2 hours with the afrhaving no
wait to exceed 12 hours. In the case of the custenly, 64%
of patients had trolley waiting times of less tlzahours (target
75%), while approximately 9% of patients were wajtiover
12 hours (target 0%). Based on this data, theitabgipes not
meet the required NHS targets. It is therefore sssy to

accurately represent the patient trolley waitingetiso that

1 - (logt — 418)?
f(t) = exg —109 ) (1)
1674v2m 557
0.25
[ Real Data
0.2 —— Lognormal Distribution
0.15
f(t)
0.1
0.05
0 T T 17T HH””””H" \n\ T T 1T !“!"\n\“!“!“\ T T T T 17T \"\"\"\"
30 120 210 300 390 480 570 660 750 840 9301020
Trolley Waiting time mins

further assessment of the hospital activity canmzele and
actions taken to improve the situation. The trollegiting
times were therefore investigated and used as ¢oens
component of this particular model. By representimg data
in the Bayesian network hybrid model, it is hoplealtthe BN
will potentially be able to predict those patiemtso obtain
DTA, that is, those who require medical attentiond a
admission to a hospital ward. Once identified, dineation of
trolley waits may then be forecasted for the newAphtients
arriving into the A&E departments.

A. Survival Distributions

The survival distribution represents the final gatitrolley
waiting time as the second component of the modiak
trolley waits have a maximum recorded value of 3@BButes
(approximately 2.25 days) with a median of 60 maésutWith
such differences in the mean and median values,atident
that the data will not be normally distributed atherefore
cannot lend itself to certain types of BN modelshsas the
Conditional Gaussian distribution [10]. Fig. 3 dttates the
skewed nature of the data, typical of all survivala, therefore
deeming it suitable for modeling using survival lggs.

Survival analysis was carried out on the trolleyitivg
times. Several distributions including the expor@ngamma,
Weibull and lognormal were fitted to the data usitig
maximum likelihood technique implemented by the lalat
software package [11]. Comparison of the resulting
likelihood values indicated which distribution bdited the

Fig. 3. Distribution of trolley waiting times.

Fig. 3 illustrates the fit of the distribution coemed with the
real data. The curve of the fitted distribution, ias (1),
captures the shape of the data to a reasonableaagcu
Although it doesn’t manage to depict the large patkhe
beginning of the distribution, the log likelihoodlues indicate
that it provides the best representation out of dllthe
alternative statistical distributions. The peakhatbeginning is
owing to the large frequency of patients for whaeho waiting
was recorded. Such a situation would occur if pésievere
immediately moved to the hospital ward as soon 84 Was
declared by the doctor. It is possible that thestepts may
have been the more urgent cases, those with mamerese
incidents or those patients with the highest piyazode.

An alternative reason may be if patients were reterby
their GP who had arranged a bed to be availablé¢hfemn on
arrival to the A&E department. Such reasoning Mdllow
when considering the final model.

B. Bayesian Network Hybrid Model

The Bayesian network hybrid model brings togethes t
survival distributions with other characteristicsatt could
potentially improve the predictive power of the rebdn this
particular A&E example, the outcome node is the one
characteristic that has been chosen to be inflaleoti patient
trolley wait.
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Bayesian Network

Fig. 4. Bayesian network hybrid model for A&E gais.

The structure of the BN component for the A&E pattie
variables was learned using PowerConstructor with@TA
variable as the final outcome nodkhe resulting network of
inter-related variables is illustrated as the fecetmponent in
Fig. 4. A node in the network represents a varisdne a
directed arc between nodes represents a relatfpushdirect
influence of one variable on another.

Fig. 4 illustrates the fitted Bayesian network hglmodel
for patient trolley waiting times including the dtrcomponent
in the model as the network of patient characiesstind how
they inter-relate to determine the patient outcafadmission
to hospital. The second component then captureswéiting
time for patients placed in trolleys awaiting adsiog to a
specific hospital ward.

The diagrammatic representation highlights sonerésting
relationships in the data for example the age gafugp patient
has an influence on the type of incident, arrivalde and
outcome of the patient. This was also evident fppeliminary
data analysis which highlighted teenagers as the gigup
category with the smallest (6%) proportion of pattiebeing
admitted to hospital, while 60 year olds and ovakenup 54%
of all DTA patients, in particular, the patientsedg80 to 89
years consisted of the single largest group of Diadients
(19%). This is to be expected as the older patiemtsid be
considered more dependent on others, potentiallingather
medical complaints which could lead to more congtlans
and an overall more likely decision to be admitetiospital.

In addition to age group, the variables incidepetyarrival
mode and priority level are considered to have weectli
influence on outcome. Incident type refers to thed kof
incident in which the patient was involved suchraad traffic
accident’, ‘non-trauma case’ or ‘home accidentecas

A high proportion of DTA patients were admittedaaaon-
trauma case whereas those patients with No DT Aetgnal be

No
waiting
time

Survival Distribution

in A&E due to non-trauma, home accident or due to a
incident that happened in a public place.

Arrival mode refers to the form of transport takerget to
the Accident and Emergency department for
‘ambulance arrival’, ‘private transport’ or ‘publizansport’
are possible. The DTA patients, as is expected generally
arriving at the A&E department via ambulance orvaie
transport. This seems reasonable as you would &xpat
those patients that are admitted to hospital fath&r care to
be the more severe cases and thus the more urgenbre
likely to be the ambulance cases or private trartispbis may
also explain the earlier observation that there avpsak in the
trolley wait distribution at time O minutes of patis who were
DTA. Certainly those patients who were DTA app@&ahave
an arrival mode that implies that they were the anorgent
cases. This may be explained further by the BN dmigeeen
priority code and outcome.

Priority level is a variable assigned to the pdtiely
hospital staff, on arrival to the Accident and Egercy
department. There are five different levels startivith code
red or level 1 which is the most severe where thgept
requires immediate resuscitation, level 2 referspatients
considered to be very urgent right through to st severe
level 5 classed as non-urgent. The patients wheiweca
decision to be admitted (DTA) mainly comprised lué tirgent
cases (coded as level 3) while those patients hhae No
DTA tend to be less severe cases, coded as lenedéted to
as standard. Again this explains the earlier olaemv in the
peaked trolley waiting time distribution due to tngent DTA
patients getting a hospital bed immediately.

Table 1 provides an example of one of the condition
probability tables used in the BN. It represents ghobability
of DTA and No DTA according to the patient’'s artivaode
and priority code. The first line of each row istDTA
probabilities, and the second line of each row Mwe DTA
probabilities. For example the probability that atignt is

instance
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admitted to hospital (DTA) given they have prioritpde 1
(immediate resuscitation) and arrival mode ambwanchigh
at 0.84. On the other hand the probability of aguéatbeing
admitted to hospital given they have priority coslgnon-
urgent) and arrival mode ambulance is 0.17, muaiedo

TABLE 1: CoNDITIONAL PROBABILITY OF DTA AND No DTA GIVEN
PATIENT PRIORITY CODE (PC)AND ARRIVAL MODE

DTA PC=1| PC=2| PC=3| PC=4| PC=§

No DTA
Ambulance | 0.86 | 0.82 | 0.64 | 0.25 | 0.17
® 0.14 0.18 0.36 0.75 | 0.83
Z| Police 0.00 0.75 0.33 0.07 | 0.00
=| Escort 0.00 | 025 | 0.67 | 0.93 | 0.00
‘S| Private 037 | 056 | 0.29 | 0.04 | 0.02
'=| Transport | 0.63 | 0.44 | 0.71 | 0.96 | 0.98
< Public 0.00 | 049 | 0.25 | 0.04 | 0.00
Transport 0.00 | 051 | 0.75 | 0.96 | 0.00
Walking 0.00 | 050 | 0.17 | 0.02 | 0.00
0.00 | 050 | 0.83 | 098 | 1.00

trolley wait patients tend to comprise more of thlderly
patients. It is possible that elderly patients tieated with
more caution as they generally have more comptinatiand
additional health problems that could hinder theicovery.
However it would be worth investigating this funthi® see
whether elderly patients have more complications ase
prioritized or whether they have a different caregoam that
could potentially be applied to other younger pateto
reduce their trolley wait.

Other
alternatives to that presented in this paper irelu@ox
proportional hazards models [17], neural network8] [and
alternative hybrid BNs such as Conditional Gaussiatels
and Conditional Gaussian regression models [19)véVer,
all of these approaches have at least one drawhbéiith
hinders the representation of the data. The Copdgatimnal
hazard’'s model assumes proportional hazard furectifom
which the data does not. Neural networks do prodace
successful network of variables however its uderited due
to the black-box nature of the method providingtldit
understanding of how the model works. This has baen

The Bayesian network hybrid model represents th&iticism of neural networks since their developméis such

characteristics of the patients on arrival to the&&EA

there has been further research to develop hybdeta

department and predicts the patient outcome throudtvolving neural networks and symbolic approach@se of

conditional probability tables, in this case whetbe not the
clinician or medical doctor admits the patient tsjpital for
further care and medical attention. Those patievite are
‘decision to admit’, are modeled using the secooichmonent

the main purposes of developing the BN hybrid maddeto

provide understanding of how the variables intéaitecand are
associated with the continuous time variable. ThesBucture
provides a graphical illustration that is usefut fxplaining

of the Bayesian network hybrid model which uses th&ese relationships and conditional probabilite$i¢alth care

statistical distribution, the lognormal detailed équation (1)
to predict the patient trolley waiting time.

The BN model was evaluated using a separate tésifse

30% of the original data and found that the usaro¥al mode
and priority code successfully matches 81.82% aifisitens.
Once this prediction has been made the lognorns#ilalition,
previously found to be a good representation of dhevival
data, is used to estimate the expected trolleyinggitme.

In addition to the general predictive power of thedel, it
is worth noting that its transparent graphical ratcan be of
benefit too. This allows the user, for instance liealth care
manager to see how the patient characteristichtmerelated
and possibly suggest actions that may be takeneduce
patient waiting times. Previous discussion listedsital
performance targets for trolley waits which idealyould be
less than the specified 2 hours and certainly neentioan 12
hours. A preliminary investigation of the data hist study
reveals that 27% of patients waited between 2 ghdhdurs
with no obvious indication or reason why and atfert9%
waited beyond 12 hours. By utilizing the BN hybnwbdel, it
is possible to identify four factors; priority cqdadmission
mode, age group and incident type, that were alvshto be
influencing factors on DTA. Although priority codand

specialists. The use of a neural network for thigppse would
therefore be pointless.

Compared to traditional BNs, the alternative hybBNs
provide a better representation of the model stheg do not
require the discretization of the continuous vddabwhere
information may be lost. Conditional Gaussian (G@jworks
are one such form of BN that can model both disceeid
continuous variable, however there is a restrictan the
continuous variables that they must be normallyritisted,
conditional on their parents [10]. This is therefamsuitable
for the A&E data set which comprises mainly diseret
variables and one highly skewed non Gaussian agnis
variable. The Conditional Gaussian regression madieivs
the use of discrete variables but is still deemesuitable for
the A&E data as it again restricts the continuoaisable to be
Gaussian distributed.

V. CONCLUSION AND FURTHERWORK

This paper considers the Bayesian network hybridehto
represent a set of covariates that influence a ivalrv
distribution where the inter-related variables igtpapon an
outcome variable which has an associated skewedvalr
The skewed survival distributions are representsidguany

admission mode proved good indicators of DTA, tlye a number of possible probability distribution. Theample in

group and incident type of the patient, appeartwide more
explanation of long trolley waits. In particulahet shorter

the paper serves as a means of demonstrating thedotogy
where patient information, known on arrival to acecilent

modeling approaches that may be considered
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and Emergency (A&E) department,
Emergency Rooms (ERs) in USA, is used to predefftiture
outcome of the patients and their associated jroMaiting
time.

The model may be used to identify those patientisktof
experiencing a long trolley wait so that somethiran be
arranged to alleviate this problem and prevent ditgation
occurring. Alternatively, the model has the potaintf acting
as a management support tool where ‘what if?’ stesaan
be considered and the consequences of them impagqpion
the system modeled in advance to highlight bengdigential
problems and further requirements that will improaed
monitor the efficiency of the hospital system. ldeathe
model could be extended to examine bed allocationthe
hospital wards with the introduction of additionariables at
the BN level. The resulting model could be représgnn a
simulation modeling environment where the flow attipnts
though the system could be assessed at a glance.

Another aspect is to consider the entire process frrival
at the A&E department right though to the pointwdfen the
patient leaves the hospital either with or withontlergoing a
hospital stay. In fact, targets are currently balegeloped for
the UK NHS with this is mind. The Bayesian netwabskrid
model, introduced in this paper, would be an
representation for such data. As previously disediss the
preliminary investigation of the patient data, tb&al waiting
time in the Accident and Emergency department, tfor
‘decision to admit’ appears to be significantly den than that
of the ‘no decision to admit’ patients. As with tkarvival
distribution for trolley waits, the nature of thetdl time in the

A&E department for both DTA and No DTA patients is

positively skewed making its analysis amenable foe
methods of survival analysis and its incorporatioto the
Bayesian network hybrid model.

Furthermore, there is potential to obtain costirgadfor
such a service that could in turn be incorporatedhe new
model. Such a development would fit with previoasearch
[20] and allow for the assessment of predicted @ased costs
thus facilitating future budget planning.
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