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Abstract. Hospitals are dynamic environments that involve many
stochastic processes. Each day, some patients are discharged from hospital, emergency patients arrive and require admission, and a variable
number of elective admissions are planned for the day. The ability to
forecast hospital occupancy will assist hospital managers to balance the
supply and demand on inpatient beds on a daily basis, which in turn will
reduce the risk of hospital congestion. This study employed a heuristic
approach to derive a forecasting model based on hospital patient journey data. Instead of using estimated overall length of stay (LOS) for each
patient, the forecasting model relies on daily evaluation of the probabilities of staying or being discharged based on a patient’s current LOS.
Patients’ characteristics are introduced as additional model parameters
in an incremental manner to balance model complexity and prediction
accuracy. It was found that a model without enough details can provide
indications of overall trends in terms of the mean occupancy. However,
more parameters, such as day of the week, must be considered in order to
capture the extremes present in the data. Of course, as more parameters
are introduced, less data become available for meaningful analysis. This
proof-of-concept study provides a demonstration of a heuristic approach
to determine how complex a model needs to be and what factors are
important when forecasting hospital occupancy.
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1

Introduction

There has been a growing demand for hospital services in Australia. Most public
hospitals often operate at or close to 100% of their capacity. The ability to forecast hospital occupancy on a daily basis will assist hospital managers to balance
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the supply and demand on their servicing resources, which in turn will reduce the
risk of hospital congestion. However, given the uncertainties involved in demand
for hospital services, such as the number of emergency patient arrivals, planned
admissions, and diverse range of medical conditions that require treatment processes of diﬀerent durations, forecasting future hospital occupancy with desirable
accuracy is a challenging task. In particular the patient turnover (number of discharges per day vs arrivals) can result in signiﬁcant shifts in occupancy from
day to day.
There have been many studies addressing the need to forecast hospital occupancy, including a selected more relevant few referenced in this study [1–4].
Health care data analysis is traditionally done using statistical techniques in
order to report and hopefully forecast health care service performance and
demand [1,2]. With the advancement of computing technology, new data analysis and modelling approaches, such as data-mining [3], machine learning [4],
and combinations of these techniques, have been applied to health care service
management related studies. Computer simulation of hospital operations has
also proven to be an eﬀective approach to facilitate hospital managers identifying process improvement opportunities and testing the impact of their decisions
both short and long term [5,6]. However, due to the nature of hospital services,
e.g., the maximum number of patients a hospital can serve each year, the amount
of data available for predictive analysis of hospital occupancy has remained more
or less the same, which is what we have to rely on for building forecasting models that can help hospital managers to make resource planing decisions on a
day-to-day basis.
The art, as well as the science, of mathematical modelling is to construct the
simplest model that captures the salient features of the system. In the words of
Einstein, “a scientiﬁc theory should be as simple as possible, but no simpler”.
For this to occur, there is a requirement that the choice of the model being used
is appropriate. In particular, modelling must strike the right balance between ﬁtfor-purpose and complexity [7,8]. In this study we employed a heuristic approach
to consider whether a simple forecast model might be developed to approximate
the occupancy of the hospital at some future time step based on the occupancy
and its composition of patient types at the present time. Furthermore, we aim to
limit the amount of necessary case-speciﬁc information required for forecasting
and try to use simple measures freely available to the hospital.

2

Modelling Occupancy Using Patient Journey Data

Let us deﬁne occupancy as the number of patients present within the hospital
at some time t. Note this is diﬀerent from admitted occupancy or inpatients
assigned to a hospital bed. The occupancy is composed of the number of both
emergency and elective patients present within the hospital at time t. For proofof-concept, however, the study will focus on the emergency patients X(t) only.
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Given the occupancy X(t) at time t we wish to estimate the occupancy at
time t + 1. That is we want a function f s.t.
X(t + 1) = f (X(t), A(t + 1)) + (t + 1),

(1)

where A is the number of patients that arrive at the emergency department
(ED) over time t to t + 1 and  is an approximation error. Note that the number
of patients discharged over the same period is a function of X(t).
With access to a well-maintained Patient Journey Database (PJD) containing historical records of the various movements of every patient from arrival at
ED to discharge, a data-driven approach can be applied to Eq. (1). The data set
used in this study was from a large Australian tertiary hospital that includes
information about every patient that arrived from January 1, 2012, to April 1,
2015. The details in the data cover: type and time of arrival, triage score, admission decision, admission and discharge wards/units (if the patient was admitted),
timestamps for major events (being seen by a doctor/nurse in ED, discharged
from ED, admitted to hospital, discharged). As part of the ethics approval process, information related to patient’s identity was removed before the data was
provided to the researchers.
Most of the existing work starts with estimating total LOS for patient groups
with similar characteristics, and work out daily occupancy by checking whether
a patient’s LOS is expired on that day [1–3]. Instead of using this approach, this
study attempts to conduct daily evaluation of the probabilities of staying or being
discharged based on a patient’s current LOS. This approach at least appears to
better resemble the actual decision making process where the knowledge of total
LOS of a patient is usually not available. An incremental model development
process is also applied, which oﬀers the advantage of growing the model complexity only when additional parameters deemed important and necessary are
identiﬁed. Sections 3 and 4 present the implementation of the described heuristic
approach.

3

A Basic Model: LOS and Triage

Let us introduce factors τ and k to subdivide emergency patients based on their
conditions and treatment progress, so that Xτ,k (t) is the number of emergency
patients with triage τ and length of stay LOS ≥ k (has spent k days in hospital)
at time t:
⎞
⎛
···
(2)
X(t) = ⎝ Xτ,k (t) ⎠ .
···
Note that LOS is the number of nights since arrival to time t, i.e., LOS = 0
means a patient has spent 0 nights in hospital, and total LOS is the number of
nights since arrival to discharge.
From time t to t + 1 we consider two actions, that is a patient is discharged
(leaves hospital) or stays. For the purposes of this analysis we do not distinguish
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discharge types (i.e., leaves hospital for home, transfer, etc) and whether staying
changes the status or treatment of the patient. Based on this simple two case
model, we denote the probability that a patient with triage τ and current LOS
of k days STAYING as α(τ, k) and the probability they are DISCHARGED as
1 − α(τ, k) (as probabilities must sum to one), as indicated below.
1 − α(τ, k)

α(τ, k)

Discharged

Staying

Given Xτ,k (t), if we know α(τ, k) ∀τ = {1, 2, · · · , 6} and k ≥ 0 then

Xτ,k (t + 1) =

α(τ, k) · Xτ,k−1 (t); k ≥ 1,
α(τ, 0) · Aτ (t + 1); k = 0.

(3)

The above relationship can be used to approximate the number of emergency
patients within the hospital tomorrow based on the number of patients present
today and the arrivals tomorrow. Underlined terms represent unknown factors
that need to be modelled. The term A(t + 1) representing the number of emergency arrivals tomorrow can be modelled using a variety of diﬀerent techniques
including a time series, empirical or ﬁtted distribution etc. We instead focus on
calculating the α terms.
We note that
α(τ, k) = Pτ (LOS ≥ (k + 1)|LOS ≥ k),

(4)

that is the probability of staying given a current LOS = k and triage score τ is
equivalent to the probability of having LOS > k given already spending k days
in hospital and having triage score τ . Therefore,

m≥k+1 N (τ, m)
∈ [0, 1],
(5)
α(τ, k) = 
m≥k N (τ, m)
where N (τ, m) is the number (count) of patients with triage τ and discharged
with LOS = m.
Using Eq. (5) the values of α(τ, k) can be calculated using data extracted
from PJD database, i.e, arrival date, discharge date and triage score. Due to
limitations with data prior to 2012, patient data from the 1st of January 2012 to
31st of December 2014, which includes 225,596 patient journeys in total, is used
to approximate α(τ, k). The results of the calculation are displayed in Fig. 1.
As we have yet to deﬁne an arrival model Aτ we focus on the ﬁrst term
of Eq. (3) (case k ≥ 1), which includes estimates of the probability of patients

154

S. Qin and D. Ward

Fig. 1. Probability of staying in hospital, α(τ, k). Each coloured curve represents a
diﬀerent triage category. LOS limited to ﬁrst 30 days. (Color ﬁgure online)

staying in hospital between t to t + 1 and the number of patients who were
already present at time t. We test our forecasting model using the probability
of staying in hospital α calculated in Fig. 1 and snapshots of both the 2014 data
and additional data from the 1st of January 2015 to the 1st of April 2015 that
was not used in modelling.
For purposes of simplifying implementation we present the results of the
number of emergency patients discharged for k ≥ 1 between each day rather than
the actual occupancy. However, no fundamental changes to the methodology
presented above are required. The results are presented in Fig. 2.
It is clear that our forecast model utilising τ and k provides a poor estimate
of the number of emergency discharges. Certainly a key issue is that the model
is not capturing the extremes present in the data. However, it can be noted that
the forecast does a reasonable job in capturing the overall trends present most
of the time.
A quick analysis of the data clearly indicates there are strong weekly patterns
existing in the data that the current model is unable to address. This seems to
suggest that additional factors are also inﬂuencing the discharge behaviour of
patients than just their condition and treatment time. Such observations appear
intuitive since the hospital has structural and behavioural practices that will
likely inﬂuence the timing of a patient being discharged. As such we should
introduce additional parameters to reﬁne the model.
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Fig. 2. Number of discharged emergency patients forecast vs actual data. Period is
from 1st of Jan 2014 to 1st of April 2015.

4

A Refined Model: LOS, Triage and Day of the Week

The model is reﬁned by introducing day of the week into our discharge probabilities. That is we deﬁne a unique α(t, k) for each day of the week d ∈ {1, · · · 7},
where d = 1 is Sunday and d = 7 is Saturday. The factoring of weekdays into
the model can be loosely interpreted as incorporating the hospital operational
behaviour implicitly into the model. Intuitively one might expect the hospital
to operate diﬀerently across weekdays based on ease of access to facilities and
specialist equipment, diﬀerent staﬃng levels or even diﬀerent hospital policy in
regards to discharge.
1 − α(τ, k, d)

α(τ, k, d)

Discharged

Staying

Now,
α(τ, k, d) = Pτ (LOS ≥ (k + 1)|LOS ≥ k, D = d),

m≥k+1 N (τ, m, δ(m, k, d))
∈ [0, 1],
= α(τ, k, d) = 
m≥k N (τ, m, δ(m, k, d))

(6)
(7)

where δ(m, k, d) is the function
δ(m, k, d) = (d − 1 + (m − k))

mod 7 + 1

∈ {1, · · · , 7},

(8)
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that calculates the weekday m − k days from current weekday d. The δ function
is crucial in Eq. (7) as it cycles over the days of the week as m increases. This
made sure that only relevant cases are used in our calculation, for instance, if a
patient is not discharged on Wednesday the day after m days then he/she may
be discharged the day after on Thursday or two days after on Friday. However,
it is not possible for them to be discharged on a Monday m + 1 days. As such
only discharges of the relevant LOS and weekday should be used in calculating
α(τ, k, d).
Similar to the previous τ and k case the α values are calculated, this time
using the reﬁned expression in Eq. (7) using the PJD data. The results are presented in Fig. 3.
The plots in Fig. 3 suggest that diﬀerent discharge behaviours might exist
across diﬀerent weekdays. In particular, the weekend days (Sat and Sun) have
signiﬁcantly higher probability of staying in hospital than those for weekdays
(Mon-Fri). This is most apparent for triage scores τ ranges from 2 to 4 where
the probability of staying, for LOS > 20, is around 0.9 on weekdays and around
0.95 on weekends. The large volatility in α for triage 1, 5, 6 (particularly for large
k) is due to the fact that there are only a small number of such patients treated
in the hospital. The additional subdivision means that for higher k there are less
observations to obtain robust estimates of α.
It should be noted that despite the inclusion of an additional factor the
expression for X(t + 1) given in Eq. (3) remains essentially unchanged. In fact it
ˆ
is calculated almost entirely the same with α(τ, k) being replaced with α(τ, k, d)
ˆ
where d is the day of week at time t + 1. The new approximation therefore is
given by

ˆ τ,k−1 (t); k ≥ 1,
α(τ, k, d)X
(9)
Xτ,k (t + 1) =
ˆ
α(τ, 0, d)A
τ,dˆ(t + 1); k = 0.
Note that we also adjusted A to include a subscript for dˆ in case diﬀerent arrival
rates for diﬀerent days of the week is to be incorporated.
Again we test the validity of the new model by forecasting the number of
discharges for each day and comparing the output with the actual data. The
results are presented in Fig. 4.
It can be seen that the reﬁned model is a signiﬁcant improvement upon the
LOS and Triage model. The forecast now exhibits the strong weekly patterns that
were noted previously in the data and the model better captures the extremes
shown in the actual data. Based on appearance alone the model seems to typically under-estimate the number of discharges. This under-estimation could be
an artifact of truncation when calculating the series whereby the forecast model
under-estimates the number of LOS outliers, i.e., k > 30, being discharged.
The error between data and the forecast are displayed in Figs. 5a and b. The
histogram and normal ﬁt indicate that the errors are not normal, particularly
around the tails. This supports what was observed in the data where the model
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Fig. 3. Probability of staying in hospital on diﬀerent day of the week, α(τ, k, d)

was unable to capture the full extent of the extremes in discharges. Some of these
large scale errors could be reduced by separately considering periods around public holidays which typically demonstrate diﬀerent behaviour.
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Fig. 4. Number of discharged emergency patients forecast vs actual data incorporating
day of the week. Period is from 1st of Jan 2014 to 1st of April 2015.

Fig. 5. Modelling error (a) and Histograms of error with normal ﬁt (b) of data forecast.

5

Concluding Remarks and Future Work

A heuristic approach is employed to investigate the eﬀectiveness of forecasting
hospital occupancy based on daily evaluation of the probabilities of staying or
being discharged for each patient. This is diﬀerent from most existing work where
total LOS is estimated for each patient upfront, and daily occupancy is then
worked out by checking whether a patient’s LOS is expired. It appears to better
resemble the decision making process which does not involve the knowledge of
total LOS of a patient. An incremental model development process is applied,
which oﬀers the advantage of growing model complexity in a controlled and
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necessary manner that allows learning of the new parameter’s importance at
the same time. It was found that a model without enough details can provide
indications of overall trends in terms of the mean occupancy. However, more
parameters, such as day of the week, must be considered in order to capture the
extremes present in the data. Of course, as more parameters are introduced, less
data become available for meaningful analysis.
Future work includes investigating the impact of other parameters, such as
diagnosis-related-group (DRG); integrating the model in our simulation study; as
well as using machine learning approaches to conduct such analysis and compare
the accuracy of predictions obtained from diﬀerent approaches.
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