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Abstract
In recent years, population growth and aging society impose large pressure on the resource requirement in Singapore
public hospital system. Beds are one of the most critical resources in healthcare system. How to manage beds efficiently
is an important and challenging task for the health service providers in any healthcare systems. One frequently used
performance indicator of bed management is bed occupancy rate, which measures the bed utilization. In this paper, an
online prediction procedure based on discrete event simulation is proposed and developed to predict bed occupancy rate in
a short term period. Simulation results show that the predicted values are closer to the actual values with narrower
confidence interval compared to the offline approach. Hence such a prediction procedure is able to provide a more reliable
reference for decision making of the health service providers.
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1 Introduction
One common challenge most hospitals are facing is how to cope with the increasing patient load with the limited resources
due to population growth and aging society. Hospital beds, as one of the key resources, may significantly affect the
performance of a hospital system. Shortage of beds may have negative impact on the access to healthcare facility and
patient safety, e.g., excessive waiting time before admission, overcrowded emergency room, cancellation of surgeries and
unused operating theatre slots. Hence it is crucial for the healthcare service providers to manage the beds efficiently.
Bed management is a challenging task with many variations involved in different areas. In one aspect, the demand for beds
could be highly fluctuating. The number of admissions per day varies by day of the week, e.g., there are usually more
admissions during weekday than weekend [1]. Seasonal factors also contribute to the variation of daily admission, e.g.,
more admissions can be observed during flu seasons. A sudden surge of admission may lead to a temporary shortage of
beds. Another major source of variation is the length of stay. The distribution of the length of stay is highly skewed by long
stay patients, which affects the bed availability negatively. In addition to the variations existing in the practice of bed
management, some policies may affect the availability of beds as well. For instance, it is a common practice to separate the
beds into different classes in purpose of service differentiation, infection control, etc. Such a policy could cause the
imbalance of resource utilization among different classes. Some classes are out of beds while some classes have surplus
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empty beds. All the above mentioned factors increase the complexity of bed management. Many research works have been
done on different bed management strategies. Some of them focus on the admission part of bed management, e.g.,
smoothening the fluctuation of demand in beds by managing the elective and emergency admission more efficiently [2],
reducing the demand of beds by reforming patient flow, increasing the throughput and reducing readmission rates [3]. Some
research works focus on the discharge part of bed management such as the root cause of delay in patient discharge [3] and
the benefits of early discharge [4].
One key performance indicator many healthcare service providers are tracking in bed management is bed occupancy rate,
which is measured by the ratio of occupied beds against the total number of beds in service. Bed occupancy rate is a direct
reflection of bed utilization in a hospital. It was observed that shortage of beds was expected when the bed occupancy rate
was over 90% [5]. Higher bed occupancy rate is more likely cause higher emergency admission refusal rate [6]. A reliable
prediction of bed occupancy rate within a certain time frame may help healthcare service providers better plan and utilize
the limited bed resources.
There are a few research works focused on predicting the bed occupancy rate from a statistical perspective, e.g.,
forecasting of bed occupancy rate using trend fitting and time series analysis [7]. Phase type survival trees was applied to
estimate the bed requirements [8]. One problem of above mentioned approaches is that the predicted results are based on the
statistics of historical data, which may not reflect the variation of the latest situation.
Discrete event simulation is widely applied to many sections in healthcare systems such as outpatient clinic [9-12],
emergency department [13-15], etc. A simulation model was constructed to predict the weekly bed occupancy rate [16]. Two
inputs were needed for the simulation model: number of admission and length of stay. However, one problem of the above
mentioned study is that the whole prediction procedure is offline. The number of admission and length of stay were
generated from historical data using regression model and Poisson model respectively. All information of the prediction
model is pre-defined and does not reflect the latest day-to-day variation. Thus it could be not accurate enough when the
healthcare service providers want to know how the bed occupancy rate would looks like in the next few days.
The main contribution of this paper is to provide an online prediction procedure based on discrete event simulation.
It can be used to predict the bed occupation rate in a short prediction horizon, e.g., the next week. Compared to the above
mentioned research works, the method proposed in the paper is an online procedure with multiple stages. Within each
stage, new information is collected and incorporated into the prediction procedure. The predicted bed occupancy rate is
updated at each stage and reflects the variation of the latest situation. Such a prediction procedure is supposed to provide a
more accurate projection for the decision making of the healthcare service providers, who are then able to plan properly
and response quickly to the incoming bed situation.

2 Methods
2.1 Framework of the prediction procedure
Figure 1 illustrates the proposed prediction procedure. It includes n+1 stages. Stage 0 represents day 0, the current
situation. Stage 0 is the baseline of the whole projection. O(0) denotes the number of patients occupying hospital beds in
stage 0, which is already known. Stage 1 represents day 1, the day next to day 0. O(1) denotes the projected number of
patients occupying hospital beds in stage 1, a(1) denotes the projected number of admissions in stage 1, d(1) denotes the
projected number of discharges in stage 1. Similarly, stage n represents day n, O(n) denotes the projected number of
patients occupying hospital beds in stage n, a(n) denotes the projected number of admissions in stage n, d(n) denotes the
projected number of discharges in stage n. The detailed calculation is given as follows:
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O(1) can bee calculated by
y Equation (1). O(n) can be calculated by Equuation (2). O(nn) can also be calculated usingg Equation
(3) by com
mbining Equatio
on (1) and (2),, where a(i) an
nd d(i) denotess the number oof admissions aand dischargess in stage i
respectively.
O (1) = O (0) + a (1) − d (1)

(1)

O(n) = O(n − 1) + a(n) − d (n)

(2)

n

n

i =1

i =1

O (n) = O (0) +  a (i ) −  d (i )

(3)

d(i) can be considered as the
t sum of the past admission
ns which are disscharged in staage i. d(i) can bbe calculated byy Equation
(4). Where L(j) representss the projected
d distribution off length of stayy in stage j, P(L
L(j) = i – j) dennotes the probaability that
the patient who is admitteed in stage j an
nd discharged in
n stage i.
d (i ) =

i −1

 a( j )P( L( j ) = i − j )

(4)

j = −∞

Fiigure 1. Frameework of the prrediction modeel

2.2 Dis
screte ev
vent simu
ulation model of th
he predic
ction procedure
In this paper, a discrete event
e
simulatio
on (DES) model is constructeed to predict th
the bed occupaancy rate in thee planning
[17]
horizon by simulating thee admission and
d discharge praactice using Sim
mul8 2010 . The DES moddel takes three iinputs: the
number of beds
b
in servicee, projected num
mber of daily admission
a
and eexpected lengthh of stay of eacch admission. T
The output
of the DES
S model is the performance
p
ind
dicator the heaalthcare servicee providers are interested, e.gg., the bed occup
upancy rate
within the planning
p
horizon. The proced
dure is mainly composed of tthree steps:
Initializatiion. One speciffic day is selectted as the initiaal stage (day 0) . Usually the cuurrent day is seelected in actuaal practice.
The snapsh
hot of the numb
ber of occupied
d beds is colleccted at the end of the day. The remaining lenngth of stay off a specific
patient is calculated
c
using Equation (5)). Where Lr denotes the remaaining of stay. L' denotes thee re-estimated remaining
length of sttay. L0 denotess the original esstimation of len
ngth of stay whhen the patientt is admitted. t denotes the cuurrent date.
ݐ denotes the admission
n date. f denotees the update flag.
f
When f iis 1, the remaiining length off stay is re-esttimated by
hospital staaff during every
y initialization phase. When f is 0, the remaiining length off stay is calculaated based on thhe original
estimation.. In this paper, f is set to be 0..
 L'
Lr = 
max(0, L0 − (t − t0 ) )

if f = 1
if f = 0

(5)

Simulation
n. Starting from
m the initial staage, the DES model
m
simulatess the activities of patient adm
mission and disscharge till
stage n, wh
hich is called prrediction horizon in this papeer. The numberr of admissionss and length of stay at each staage follow
a certain diistribution derived from histo
orical data.
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C
Calculation. Bed
B occupancy
y rate of each sttage is calculatted and returneed as the simulation results.
T
The proceduree described abo
ove is called on
ne prediction cy
ycle in this papper. As an onliine procedure, the whole preddiction
ppractice is conttinuously updaated on the daily
y basis. There is
i one predictioon cycle each dday, which is innitialized by thee latest
bbed occupation
n status, remaining length off stay of the occcupied beds annd simulates tiill the next nth day. The subssequent
pprediction cyclles follow the same
s
practice with
w the updateed information.. In order to beetter capture thee variations, thhere are
m
multiple runs of
o the DES model in one pred
diction cycle an
nd the summarrized simulatioon results are reeturned.

3 Results
IIn this paper, th
he above mentioned procedurre is applied to
o predict the be d occupancy raate of a ward inn a Singapore ggeneral
ppublic hospitall. The ward haas 120 beds in total. One caleendar year adm
mission and discharge transaaction data of 22011 is
ccollected from
m hospital manaagement inform
mation system. The transactioon data is usedd to estimate thhe parameters nneeded
ffor the simulattion model. The simulation model
m
is then ussed to predict th
the bed occupaation rate of 2012. Prediction results
aare compared with
w the actual data to test thee prediction acccuracy. The tabble lists the disttribution of thee daily admission and
llength of stay derived from the
t transaction data. It is obseerved that the ddaily admissioon is significanntly different beetween
w
weekday and weekend/publiic holiday. The number of admission
a
in w
weekend and ppublic holiday is significantlly less.
N
Normal distrib
bution is applied
d to fit the daily
y arrival. Gamm
ma distributionn is applied to ffit the length off stay. The preddiction
hhorizon is set to be 10 dayss. Within each prediction cyccle, the DES m
model runs 1000 times, the simulation resuults are
n four terms: meean value ( R ), standard deviaation (σ), 70% cconfidence inteerval (70% CI)) and 90% conffidence
summarized in
iinterval (90% CI).
T
ution of the daaily arrival and length of stay
Table. Distribu

*
^

Parameter

Distrib
bution

Weekday admiission

N(24,22.8)*

Weekend (inclluding public holliday) admission
n

N(11,11.8)

Length of stay

Gamm
ma(2.5,2)^

N denotes normaal distribution;
Gamma denotes gamma distributio
on

Figure 2. Simulation
S
resu
ults of the prediction cycle 1
440

Figure 3. C
Comparison off the predictionn value of a speecific
dayy (Thursday) inn different preddiction cycles
ISSN 1927--6990 E-ISSN 19927-7008

www.sciedu.ca/jha

Journal of Hospital Administration, 2014, Vol. 3, No. 4

Figure 2 illustrates the simulation results of one prediction cycle and the comparison with the actual bed occupancy rate
(R). Figure 3 illustrates the simulation results of a specific day (Thursday) in different prediction cycles.

4 Discussion
It is observed from Figure 2 that the simulation results match the actual values quite well in the earlier stages of the
prediction horizon with smaller standard deviation and narrower confidence interval. The performance of simulation
model deteriorates in the later stages with larger standard deviation and wider confidence interval. One possible explanation is that more sources of variations are injected into the prediction procedure when the stages increase. All the variations
cause more fluctuating results.
It is observed from Figure 3 that the predicted value of the same day varies in different prediction cycles. The predicted
value is better with a closer estimate and narrower confidence interval when the prediction is made within a near prediction
cycle. Such a result indicates the strength of the online prediction procedure. The accuracy of the predicted values is
continuously improving and closer to the actual values when more information is collected and fed into the prediction
procedure. Hence the results from the online prediction procedure are more reliable compared to the offline ones.

5 Conclusion
Bed management is a challenging task due to the existence of various uncertainties. A proper prediction of the bed
utilization for the next few days may help health service providers manage bed resources more efficiently. This paper
proposed an online short-term bed occupancy rate prediction procedure based on discrete event simulation. Such a
prediction procedure takes three inputs: number of beds, daily admission and length of stay. The whole prediction
procedure is a continuous process composed of multiple prediction cycles. Each prediction cycle starts from an initial
stage, simulates the admission and discharge practice within the prediction horizon and then returns the predicted bed
occupancy rate of each day within the prediction horizon. Simulation results show that the predicted values are closer to
the actual values in the earlier stage of the prediction horizon, and the predicted value of the same day is more accurate in
a more recent prediction cycle, which indicates that the proposed prediction procedure performs better online than offline.
One limitation of this study is that all the beds are considered generic and eligible to be occupied by any admissions.
The complexity of partitions and transfer of cases among partitions are not considered. A bed occupancy rate prediction
procedure for a complex bed partitioning system can be studied in the future research.
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