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ABSTRACT

The health care industry is a very expensive one, constituting a significant proportion of
the government budgets. Princess Margaret Hospital (PMH) for children is the only
tertiary paediatric centre in Western Australia. PMH has over 40,000 children aged 0 -
16 years of age who present to the emeigency department each year. PMH is one of
many hospitals funded from government sources. The emergency department is a high
cost area and an area with limited ability to curtail services due to financial constraints.
A busy hospital will over a period of time have a constantly changing number of people
presenting to the emergency department for treatment. This may depend upon the time
of year, the day of the week, the weather of the day or the presence of a holiday period.
An ability to accurately predict the daily, weekly patient flow, together with seasonal
fluctuations, could enable more informed decisions to be made regarding support
services needed. This would in turn result in cost savings and improved medical care.
The study used Time Series Analysis techniques, Regression Analysis and other
statistical techniques to model the presentation rates to the PMH emergency department.
The analysis also examined the factors that have the greater influences upon these rates,
The resulting prediction models can be used for quantitative short-term forecasts of
future ED volumes. An overall comparison was made between the differing techniques
used in the analysis. Two cycles were clearly identified within the ED data series used.
The dynamic methods proved to be the better at modelling and providing forecast
values for the series analysed. 1t is hoped these types of models may provide formal

criteria to assist staff in earlier recognition of exireme periods.
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1 INTRODUCTION

1.1 ABOUT THIS CHAPTER

This section of the thesis provides a general background to the study, the importance of
continued research within the health sector and the aims of the study. The data and its

source are also discussed.

1.2 BACKGROUND TO STUDY

Princess Margaret Hospital for Children (PMH) is the only tertiary paediatric medical
centre within Western Australia. It is the reference centre for paediatric illness and
injury for the state. Although the catchment zone may potentially be the entire state, it
will not sce all children requiring hospital treatment in any one year. Many are treated
at regional hospitals. On average, approximately 43,000 children will present to PMH
seeking medical assistance from the hospital’s emergency department each year. It is

this average number that the WA Health Department uses for its budgetary forecasts.

The health care industry is a very expensive one. The new techniques and medications
continue to increase in cost. It could be argued that many countries around the world
are unable to improve their standards of medical care, due to these prohibitive costs.
PMH is one of many hospitals funded directly from government sources, and there will
always be a budgeted limit to the funding available. Once allocated, responsibility for
dividing funds between departments falls to individual hospital management boards.
This task may be easier if the numbers of patients seen within the departments coutd be
predicted. The emergency department (ED) is a high cost area and one department

without the ability to curtail services in responce to financial constraints.

Employees within an ED will be aware that the number presenting on each day will
vary. It is common for one or two days to be noted as the “busiest of the week™ on a
regular basis. For a busy metropolitan hospital, Saturday or Sunday may often be

busiest, where a suburban or country hospital may see Monday providing the peak in



presentations. As a member of an ED [ noted a similar pattern. The presence of a
weekly cycle in presentation numbers seemed likely. But are there other cycles in the
daily numbers? It is common for more patients to arrive in August than in January, But

does this mean that the numbers each month will be similar to the previous year’s?

These findings led me to consider what may influence the number of patients who will
present to the department each day. In discussions with my co-workers, influences
included the day of the week, the presence of holidays and weather variables.
Christoffel (1984). and Attia & Edward (1996) both concluded that a common belief
among emergency workers is that weather conditions will significantly influence these
daily numbers and increase the triage acuity. Both studies were undertaken to ascertain
if this belief was a reality or not. Christoffel (1984) used data from 3 diversely different
months of the year, then categorised each day into one of 7 measures of extreme
weather. These ranged from cxtreme heat and cold, to atypical heat and cold, to the
presence of rain, storms or snow. The statistical analysis, two-tailed, that was
undertaken compared the proportion of days in each category of weather with the
proportion of presentations on days with those categories. Only the severe extreme
weather was shown to be statistically significant in its impact upon presentation
numbers. The study by Attia and Edward (1996) over a decade later re-examined the
impact of weather. The influence of the milder changes was examined, accepting that
severe weather did impact on department numbers. The data length was expanded to 1
year 10 avoid seasonal impacts and grouped into 3 hour'y intervals. This time division
enabled the clustering of presentations before and afier weather events, such as heavy
rainfall, to be included. Analysis was undertaken using a chi-squared ( x° ) or Fischer’s
exact lests, with Yates™ correction employed where appropriate. The conclusion they
draw from this study, was that no influence upon presentation rates could be attributed

to less severe changes in prevailing weather conditions.

Dichl et al {(1981) noted that based upon empirical data, calendar factors (day of week

or month of year) and meteorological conditions strongly influenced the number of

* Yates was a researcher at Romstead whe developed a tabular technique for deriving the factorial effects
when perferming analysis of variance tests. The technique attempts to provide a better estimate of

significance levels,



unscheduled visits. Despite this, they noted weather conditions added little predictive
value. By matching daily presentation numbers and weather data over a 4-year period,
they obtained a predictive equation through use of stepwise linear regression. The study
also examined the impact of a day’s status, as a public holiday or the day after the
public holiday. However, they were unable to determine if the high use post public
holiday was due to the desire not to disturb holiday events and gatherings or that

holiday excesses were the cause of illness and injury.

A study by Saez et al (1995) into the effects of temperature change upon death rates
concluded that three or more days of above average temperature increased patient
morbidity. This study, while based upon several medical conditions not seen in
children, did show that transfer function models (ARIMA) could be applied to health
data series. They concluded that most predictive models had an autoregressive
component of 1, indicating that the current presentation numbers were dependant upon

the preceding value. Severe weather events do impact upon presentation numbers.

Several studies showed a 5% to 20% reduction often occurs during a severe weather
event. Attia (1996), while analysing the impact of a snowsiorm, noted a 78% reduction
during the storm. She compared the 36 hours of a storm with the 36 hours before by
use of a y? test. However, as she points out, this significant impact is more likely due
to perceived transportation problems associated with the impending storm than the
storm itseif. Each of these studies relates to the Northemn Hemisphere. While weather
conditions differ in Australia, it cannot be assumed they would not impact upon

presentation rates, as their impact has not been fully analysed.

There is a belief by some emergency workers that a full moon increases presentations.
A study by Reno (1996) looked at this topic by examining if the lunar phases directly
affected human behaviour and therefore presentation rates to hospital emergency
departments. He noted a past study (Lieber & Shenn, 1972) that stated as humans had
the same elements in roughly the same proportion as the earth (80% water to 20%
organic and non-organic minerals) that the same gravitational effects upon the earth
would occur to humans, Reno examined presentation data on tidal and non-tidal days

and found no significant increase in presentations associated with the presence or not of









salaried services allows an overall reduction in staff, yielding financial benefits without
the sacrifine of quality medical care”. Although their analysis was completed 20 years

ago its relevance is apt given recent upheavals within this state’s health sector.

Efficiency and effectiveness of modern business depend on the skill level of its staff
together with the level of computer power available. A hospital is no different.
Databases are the current method of choice for all hospital patient details. Tandberg &
Qualls (1993) indicated that the increasing availability of these databases as well as ever
improving computer hardware and software has brought sophisticated quantitative
analysis into the realms of practicality. It is with this thought in mind that the use of
Time Series Analysis techniques would be appropriate in this setting. Their analysis
used such a database of over 42,000 patients presenting over two sequential years. All
patients seen had time of arrival, discharge and level of acuity recorded. Five differing
model types were then attained, ranging from raw data and simple moving average
through to ARIMA, to determine if forecasting was possible. The resulting models
provided at best a 42% explanation of presentation variation over the 2-year data range.
Tandberg & Qualls concluded, that this type of anmalysis can provide powerful,
quantitative short-term forecasts of future ED volumes. An appropriate model could be
used to develop formal criteria for calling additional staff to overcome sudden increases
in patient numbers. These types of decisions could then be made consistently, and more
importantly, the criteria would allow earlier recognition of extreme periods. The
emergency departments of a hospital are high-intensity users of ancillary resources,
such as clinical laboratories, radiology and house keeping. The ability to accurately
provide short-termi forecasts of ED patient volumes would also prove beneficial to these

services within a hospital.

1.4  THESIS AIMS

The aims of this thesis are as follows:
a) To investigate the possibility of a cyclic pattern occurring within daily
presentation rates to PMH

b) To investigate factors that may influence the pattern of presentation



¢) Apply 4 differing mathematical analysis tools to this data over a range of time
intervals

d) To develop appropriate mathematical prediction models for this data through use
of several computer packages

e) To compare each of these methods for suitability

1.5 DATASET

Princess Margaret Hospital uses a computer-based database, Emergency Department
Information System (EDIS), to collate and record all patient details of children
presenting the hospital’s ED. This system has been in operation since January 1998 and
is subject to quality assurance by the injury surveillance officer on a daily basis, thus
accuracy and integrity of the data will not be a concern. The EDIS database is accessed
from one of 5 remote computer terminals within the department, the database itself
being networked. All patients presenting to the department are first seen by the triage
nurse. Their basic demographic details and clinical information are recorded, then each
child is given a triage code, an indication of the level of “emergency”, based upon their
reason for presentation to the department. The codes range from 1 (resuscitation) to 5
{non-urgent) and are treated on the basis of their triage code. I have included those who
chose not to wait for their treatment, as they do impact upon the treatment of others and
upon staff levels required. The times when the patient is scen by medical staff, their
final diagnosis, tests and time of discharge from the department are also recorded within

the EDIS system. This latter information I shall not use within the scope of this project.

The database enabled me to obtain data for each child who presented to the emergency
department for the four-year period 1998 — 2001 inclusive - a sufficient volume of data

to look for any underlying seasonal effects.

The following data fields were obtained from the system for each patient who presented

to the emergency department at PMH during the 4-year period.



o Triage date
e Triage time

e Triage code

The data was then imported into 2 Microsoft Access database for initial storage and
analysis. Data fields for day of the week, Monday 1 to Sunday 7, and “type of day”,
normal (1), public holiday (2), school holiday (3) or both (4), were then added for the
purpose of this analysis.

The National Climate Centre located in Canberra kindly supplied the following
meteorological data for the same time period; daily minimum, maximum and rainfall
recordings for Perth, This data will be used during this analysis, but with some
reservation as outlined by previous studies. The recordings are a generalisation of the
weather experienced in the Perth metropolitan area for each day. These recordings are
for the Meteorological Bureau’s recording station located in the Perth suburb of Mount
Lawley. We are all aware that rainfall in one area may not occur in all areas of a city.
More importantly, the weather experienced by the patients presenting to PMH on any
given day will depend entirely on where they reside at the time of illness or injury. Any

subsequently discovered weather impact must be viewed with this knowledge.

Finally, missing data is not a concern for this study. Both the EDIS and the National

Climate data are complete with no missing data eniries,

1.6  Computer Software

Commercial Application

The Emergency Department Information System (EDIS) version 8.54.006. This is a
database provided by HAS Solutions (Hospital Administrative Software Solutions) that
contains all details pertaining to a patient’s presentation to Princess Margaret Hospital
for Children’s emergency department. Approval to use the EDIS data was obtained

prior to data acquisition. (Refer to appendix for approval letter).



Other Applications

Microsoft Access: for storage ot EDIS data and initial data analysis
Microsoft Excel:

Minitab 12 for majority of analysis
ASTSA time series package

Microsoft Word: compilation of thesis.

SPSS version 9.0 for Windows, student version: Statistical compilations

All these software packages were used within a Microsoft Windows 98 environment on
a Pentium I microcomputer.



2  EXPONENTIAL SMOOTHING

2.1  ABOUT THIS CHAPTER

Time series may be analysed using relatively simple forecasting and smoothing
methods that model the components within a series that are often identifiable from a
time series plot. The data is decomposed into these components and then estimates the
components into the future for the purpose of forecasting. Static {trend analysis and
decomposition) and dynamic methods {moving average, single and double exponential
smoothing) may be employed. These methods have a major advantage in that they can
produce quite reliable short-term forecast relatively quickly for a large collection of
time series. This chapter examines dynamic methods, in particular the Holt-Winters
method. A detailed examination of this method, its purpose, strengths and weaknesses

shall be presented, together with an analysis of a triage data series using the method.

Exponential smoothing is an extension of the moving average transformation method in
that it forecasts values for a time series by use of weighted averages. The moving
average method implies an equal weight to the £ past values, that is a weight of 1/%.
However, the exponential method makes the assumption that the more recent data
values have a greater influence upon future values. This implies that the weights
applied to each previous data value must decrease with age, in other words these

weights exponentially decrease with time.

2.2  SINGLE EXPONENTIAL SMOOTHING

This basic smoothing method provides a forecast value by taking the previous periods
forecast and adjusting it by the previous forecast error. This may be defined by
F, =F +o(Y,- F} with o a constant between 0 and 1. This implies that the next
forecast is adjusted by the negative error of the past value. Due to this, the forecasts
will tend to trail any trend or seasonal pattern present. The initial value of o is taken to

be Y, for convenience. All exponential smoothing methods must have initialisation,

10









The forecast values are realized by the equation F_, =(L +5,)S,, for m periods
ahead. This method realizes L, as a smoothed average value of the series that does not

include seasonality. That is, ¥;/S,_, provides the deseasoned data values.

2.3.1 [Initialisation

All exponential smoothing methods require initialisation of the smoothing indices.
Initialisation of the smoothing parameters may be done arbitrarily or through use of
subjective assessment methods. The seasonal index s, requires a complete seasons data.
The trend and level are initialised at period s. The trend makes use of 2 complete

seasons of data values. A moving average of order s is used to initialise the level,
L =1 +%, +.t1,)
5

The initial trend parameter is determined by the following equation. The initial value

for b, is an average of s such terms.

b —_—-_1- _}:3‘11___.._};1.+Y5+2-‘Y2 +."+Y..\'+S_Y.v
’ A 5 Ry ¥

The initialisation of the seasonal index is done by use of a ratio of the first few data
values to the first years mean such that

§ =28 =2, 8 ==,
I L 2 L h

The final values chosen for the smoothing parameters o,  and y may be arbitrary, with
default values of 0.2 not being uncommon. An alternative approach involves the use of
non-linear optimisation algorithms. The increasing speed of computers makes the use
of these algorithms more feasible. The Mean Squared Error (MSE) and Mean Absolute

Percentage Error (MAPL) are two such methods that provide such parameter estimates.

MSB= 132 MAPE = - 3"|PE,|
R n

=1

The use of large weights for smoothing parameters results in a more rapid change in

forecasts, conversely smaller weights ensure a less rapid change. If change in the level

13






3 STOCHASTIC MODELS

3.1 ABOUT THIS CHAPTER

Time series analysis aims to develop mathematical models to describe sample data in a
plausible manner. This chapter examines the Box-Jenkins Autoregressive Integrated
Moving Average (ARIMA) models. Although this technique was originally developed
in the 1930"s, Box and I .ins published a detailed description of it in their 1970 book
that led to it becoming known as the Box-Jenkins methodology. The concepts of
stationary and non-stationary time series are defined. The methods of attaining

stationarity of a time series are discussed.

3.2 TYPES OF STOCHASTIC MODELS

A time series is a collection of observations made sequentially in time (Chatfield, 1996)
that depicts a stochastic process. This is a process portrayed by a stochastic or
probability model. A principal of time series analysis is that future values may be
predicted based upon past observations. If this prediction can be exact, it is termed
deterministic. However most such time series are stochastic, with the future partly
determined by past values. Exact predictions are impossible, thus the future values are
represented by a probability distribution conditioned by the knowledge of the past
values. There are two important classes of stochastic models, stationary and non-

stationary (Box and Jenkins, 1970).

33 STATIONARITY

A stochastic modezl may have its usefulness affected by the assumption of stationarity.
A time series is considered to be stationary if the underlying generating process is based
upon a constant mean and variance. The statistical properties of a time series are

independent of the time period of observation (Makridakis et al, 1998).
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Strict stationarity occurs when the probabilistic behaviour of X (#,),...,.X{¢,) is the same
as X, ) X1, ) forall ey, ..., ty, forany k= 1, 2, ..., orshifth=0, x1,.....

Shifting of the time origin does not effect the joint distributions, only the interval
between f,,1,, ... f,. This definition in practice is found to be too strong and a more

lenient one is required. A weakly stationary time series imposes conditions upon only

the first two moments of the series and has a constant mean and variance.

34 AUTOCORRELATION

This refers to the correlation between values within the same time series at different
time periods or lags. The autocorrelation function (ACF) is one of the major tools in
time series analysis and is used for identifying features within a time series. It has
similarities with the correlation, but relates a series for different time lags. Analysis in

the time domain refers to inferences based upon this function. The autocorrelation

between X, and X,,, is define as

cov(X, X i)

r. =Corr(X,X,,,)=
‘ ( +) Jvar(x ), var(x,, )]

Consider a simple random model ¥, = ¢ +¢, where ¢, is a random error component that

is uncorrefated between time periods. This model is often know as a “white noise
process”, where no pattern is discernable in a given time series. Theoretically the
coefficients of such a series of random numbers would be zero. However, as all time
series are finite in length, the sample ACF will not be exactly zero. (Makridakis et al,

1998). The autocorrelation coefficients of the white noise process have a distribution
approximated by a normal curve with a mean of zero and standard error 1/ Jn where n
represents the number of observations. This provides the value that 95% of all sample
autocorrelation coefficients siould lie within i1.96/ Vn, referred to as a 95%
confidence interval. [t should be noted that it is common to approximate the limits to

+:2/+/n. The 95% confidence interval for the triage data series becomes + 0.105.
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backshift operator therefore provides a convenient method for describing the

differencing process. Thus VX, = X, - X, |, = X, - BX, =(1—- B)X,. Applying to the

general case, a d " difference may be written as (1- BY? X,.

38 AUTOREGRESSIVE MODELS

These models are extremely useful in providing description of non-seasonal business
and economic time series (Newbold et al, 1990). The model is a form of regression in
that it expresses a forecast as a function of previous values of the time series together
with an error or white noise component. The model may be represented by

Xo=a X+, X 4. +a,X,_, +Z where Z, represents the error term,
or using the backshift operator

Z,=(1-a,B-a,B° -—...~a,B")X,

These models are termied an autoregressive {AR) process of order p and
abbreviated to AR(p). (Chatfield, 1990, p. 35)

3.9 MOVING AVERAGE MODELS

The autoregressive model expresses the error Z, as a finite weighted sum of p previous

errors plus a random shock or white noise. In a moving average model, the value of the
time series at time t is influenced by a current error term and a finite number g of
weighted crror terms in the past. Thus a moving average (MA) model of order g is

represented by X, =B Z +BZ, +..+ B,Z,_ ot alternatively X, = &(B)Z, where
8(B)is a polynomial of order ¢ in B. Moving average models are often denoted by

MA(g). These models are commonly used in econometrics, where random events, such
as material shortages, government decisions and strikes, will perceivably affect not only

current economic indicators but also several subsequent time periods.
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3.10 AUTOREGRESSIVE MOVING AVERAGE MODELS

This class of model is a coupling of autoregressive (AR) models with moving average
{MA) models. These models provide a better representation of an actual stationary time
series as they include the predictive ability of both prior models. An autoregressive
moving average (ARMA) mode! of order (7,4} is tepresented by

X=X jvova, X +Z +FZ +..+PBZ_,

or, alternatively using the backshift operator
¢(B)X, =0(B)Z,

where ¢(B)=1-a,B—...~a,B” and 0(B) =1+ BB +...+ B, B*

3.11 BOX JENKINS AUTOREGRESSIVE MOVING AVERAGE MODELS
(ARIMA)

The ARMA model may be expanded to an autoregressive integrated moving average
{ARIMA) model by allowing for differencing of the given time series. These are
forecasting models popularised by George Box and Gwilym Jenkins in the early 1970’s
and conynonly referred to as the Box and Jenkins methodology. The forecast sedes is
expressed as a function of both the previous values (autoregressive terms) and the
previous error values (moving average terms) from the {orecasting producing an ARMA
model. By using the notation applied to differenced time series data together with that
for the ARMA model, the ARTMA model is represented by

Wo=aW,, +.+aW_ +.+BZ_
or using the backshift operator

#BY1-B)' X, =4(B)Z,
Note differing authors use their own symbols for identifying autoregressive and moving

average terms; #, used by Box and Jenkins (1976) equates to X, by Chatfield (1996).

This last type of model is often applied with the addition of a seasonal component.
Many real world time series contain periodic components repeating at a regular time

period. Company sales figures, the usage of public transport system and maximum
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3.12 SPECTRAL PROPERTIES OF STATIONARY MODELS

An alternative method of analysing a time series is to assume that it consists of sine and
cosine waves of different frequencies, The periodogram, introduced by Schuster in
1898, was the first to use this idea. Models may be developed to include a combination
of sinusoidal components at differing frequencies. A stationary time series may be

obtained by allowing the amplitude to vary according to a stochastic process and this
may be expressed as X, =Z(a ;€0s@ f+b sinw jr)+ Z,. All frequencies are in the
range 0 to 7z, with the upper frequency termed the Nyquist frequency (Chatfield, 1990).
A link between the frequency and the time domain is provided by the Weiner-
Khintchine theorem and for a stationary stochastic process is
y(ky= fcoser d F(w)

where F{w)is called the spectral distribution function. It should be noted that
F(w) represents the contribution to the variance of the frequencies in the range 0 to w.

When F(w)is continuous, the equation becomes
7(ky= [cosat d f(w) de

where f(w) is termed the spectrum. It is this measure that allows possible
identification of the frequencies that contribute towards the variation within the data.
Should one such frequency dominate, this could indicate a cycle that should be removed
prior to modelling. Through use of this technique, the Box-Jenkins ARIMA model can
be expanded to accommodate a seasonal component, a model termed a SARIMA as

discussed in the previous section.

The spectral function provides an analytical tool allowing conclusions about data
variations to be drawn from another source. The software package TSA — 32 is used to
plot the density function. The x-axis of the resulting graph is the frequency measured in
radians. The total area under the curve equates to the variance of the process. A spike

or peak in the curve indicates an important contribution to the variance at that interval.

In Figure 3.6(a) the spectral density function has been plotted for the triage data January

to December 1998, The variance is clearly concentrated at two significant levels. The
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4 REGRESSION ANALYSIS

41  ABOUT THIS CHAPTER

Regression analysis allows the influence of a number of factors in a data set to be
analysed. This chapter provides information on different regression models available,

together with the any assumptions underlying each model.

Regression analysis is a commonly used statistical technique that permits the modelling
of a relationship between a set of variables. The general tendencies of the relationship
between variables are summarized by the mathematical curve and a measure of the
variation in data around that curve (Cryer & Miller, 1994, p.176). A repression model
is used to relate a dependent variable to one or more explanatory, independent variables.
These are then used for prediction of future values of the dependant variable from a

given data series,

42  CORRELATION

The strength of any regression model is measured by the correlation coefficient, a
measure of the relationship or mutual dependence between two variables. This plays a
significant role in multivariate, multiple variable, data analysis. Unlike the covariance,
the correlation provides a pure, scale free measure of the strength of a linear

relationship and may be defined by:

C .
p=— with,-1 < p < 1.
0,0,

A large absolute value of p, represents a strong linear association, while no association
has a correlation value of zero. While this simple test of data association is widely
used, it should be used with caution. It is a measure of linear association. Variables
associated non-linearly will provide a near zero correlation coefficient. Secondly, a
small sample size will impact upon the correlation and could produce a spurious value.

The final word of caution in using a correlation coefficient concerns the presence of
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4.3 SIMPLE REGRESSION

Simple regression refers to the fitting of a straight line to the scatter plot of a data series
to explain the relationship between a predictor variable, X and its response variable, Y.
The equation for this straight line is generally chosen by the method of least squares.

The regression equation has the form: ¥ =5, + 5 X where b, is the slope of the line

and b, the Y intercept, commonly termed the constant.

The correlation between dependent and independent variables p, designated R in
regression analysis, provides a measure of their relationship. It is common to present
the R? statistic, known as the coefficient of determination, to illustrate the adequacy of
a regression model. It may be defined by
Y, -
R = r = z(
2 -
This value can be viewed as the proportion of variance that is explained by the fitted
model.

_SSR
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44  MULTIPLE REGRESSION

This may be thought of as an extension of simple regression, such that there is one
variable to be predicted by two or more explanatory variables. The general form of

multiple regression is

Yo =by+b X, 40, X, +..+b, X, +e,

where by,b,,....b, represent fixed but unknown parameters, ¥, X, ., X ., are the jth

observations at each variable ¥, X,..., X, , and ¢, represents white noise.

A scatterplot matrix enables visualisation of relationships between variables. Perhaps

of more importance, the matrix helps identify collinearity, the presence of a linear
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45 TIME-RELATED REGRESSION

A multiple regression model can be expanded to include variables that allow for time
related features within a series. Each of these extra variables, termed binary predictor
variables, equates to a new explanatory variable and can explain the effects of
seasonality, the impact of holidays or one off events such as new safety campaigns.
The general rule applied when adding seasonal binary variables is to use 1 less than the

number of perieds. For the emergency data series an appropriate model would be

Y, =by +b,Mon, + b,Tue, +...+b,Sat, +e,
where the binary seasonal indicators are defined as

Mon 1 if t = Monday 1 if ¢ =Tuesday . 1 if t = Saturday
on. = , de, = ] yeeeny AL = .
"0 if t # Monday 0 if t # Tuesday 0if t = Saturday

The resulting model coefficients represent the average difference between daily forecast
values for each of the days and the omitted day. To avoid multicollinearity problems,
the number of indicator variables to use must be one less than the seasonal divisions

being used. Hence, above there is no indicator varijable for Sunday.

The addition of variables to a regression model should be done with caution. Each
addition requires another regression coefficient to be estimated, and a reduction in the

degree of freedom for the error term. Tt must be noted that while extra variables always

increase the R? value, this alone does not justify their inclusion.

46  REGRESSION WITH ARIMA

The ARIMA models, discussed in chapter three, enable analysis of a time series but
allow no input of other information. More oftcn than not, variations within a given time
series are influenced by other factors. The ED data is influenced by the day of the

week, season of the year and the occurrence of holidays. Regression models allow such
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input, but often the resulting model is inaccurate due to the presence of amocorrelations
within the error term of each model. A combination of these iwo models would allow
the advantages of regression to be coupled with the power of ARIMA. It must be noted
by the reader, that a more ccmplicated mode! such as this may not produce a better
result, Simpler models often produce adequate data modelling with acceptable

forecasts.

A regression model assumes that the resulting error term e, is uncorrelated, that is

“white” noise. However, autocorrelations often exist within the error term and as such
it would be appropriate to fit an ARMA model to those errors. These autocorrelated

errors are referred to by N,. It should be noted that an error term will still remain after

such a model is fitted, the “white” noise. Applying ordinary least squares estimation
often fits regression models to a time series. The application of an ARMA model to the
regression model] error terms results in two common problems. There is no account of
time relationships between data values and the resulting error terms will be too small in
the presence of autocorrelations. The latter is a far more serious error. The small errors
lead to misinformation; explanatory variables become significant when they are not, an

occurrence known as “spurious regression”.

Thus, an autocorrelated error series necessitates the use of maximum likelihood
estimation or generalised least squares estimation. The latter estimates are obtained by
minimising
"o n
G:le J Wi, NN,
peiys

where w, and w, are weights bases upon autocorrelations pattern.

4.6.1 REGRESSION WITH ARIMA

Residual analysis, discussed in Chapter 6, will help identify if awtocorrelations are
present in the resulting error term of a regression model. Once identified, an initial

proxy model such as an AR(1) or AR(2) It may be necessary to difference the error
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series, if the application of a proxy model does not result in stationarity. The stationary
series may then have an appropriate ARMA model applied. The completed model,
regression with ARMA parameters, is then reapplied to the time series under estimation.

The resulting residual series should be represented by ¢, , “white” noise,

4.7  BEST SUBSETS REGRESSION

The addition of each variable to a regression equation may improve a given model’s
prediction ability. However, these additions come with an added cost and complexity
of model. The best subsets regression technique determines the best linear regression
models using the maximum R’ criterion (coefficient of determination). The technique
examines all linear regression models with 1, 2, 3, ... supplementary variables,
determines the best 2 and then displays summary statistics for each. These statistics
include the R?, R?adjusted and Mallows C-p statistic. A researcher will usually adopt
the model that optimises the balance between simplicity and fit. The model with the
smallest Mallows C-p statistic is that model (Minitab, version 12.2).

4.8 CROSS CORRELATION FUNCTION

The Cross Correlation Function (CCF) is a standardized measure of the association
between one series !, and examining past, present or future values of a second series X,
It is commonly utilised to check for correlation between two time series or to determine
if one series can provide a measure of predictability for a second such time series.

It may be defined by:

7 (k)

)= —t2 0
A )

(Chatfield, 1996)
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applicable to this time series are the Holt- Winters and the Box-Jenkins. Both of these

models express a forecast based upon previous values within a time series.

3 vear spectral analysis
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Figure 5.4: Spectral density plots. {a} 3-year data series. (b} 1999 data serics.

54 THE HOLT-WINTERS METHOD

This was first choice to analyse the ED data. As indicated in Chapter two, this
generalisation of the single exponential model enables a data series containing both
trend and seasonality to be analysed. The first decision that needed to be 1aken was to
determine if the ED data series could be considered multiplicative or additive. The time
series plots clearly indicate a marked variation in season and thus could notl be
considered additive. This means that the higher values will have a greater variation in
the level of trend than the lower values. A template was established using an Excel
spreadsheet to undertaken the necessary calculations using the three basic equations

given in Chapter two.
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All Holt-Winters models need to have the three smoothing parameters «, § and y

initialised, with values usually chosen between 0 and 1. While the default values of 0.2
are often an adequate starting position, the Mean Squared Error (MSE) method provides
an appropriate estimation and removes the guesswork. The Excel spreadsheet coupled
with use of the solver algorithm enabled appropriate parameter values to be determined
that minimised the MSE. A second Holt-Winters model, using these 3 parameter
values, was developed through use of the Minitab program, This led to comparative
models being obtained for each year of the years 1998, 1999, 2000 and the 3-years
combined series using the total daily presentations and the triage category 4 data values.

The parameter values for the 3-year series and 1999 mode! are given in Table 5.1,

o B Y
1999 serfes | 0.24 | 0.03 ] 0.15
3 year series | 0.25 | 0.01 | 0.14

Table 5.1: Holi-Winter parameter values.

The similarity in the parameter values for all the Holt-Winters models, given in
Appendix B, would enable all models to be developed with a single set of parameter

values, with minimal impact upon niodels or forecast values.

Figures 5.5 displays the prediction model versus the actual data values for the complete
3-years of data and the 1999 series model. These models can be considered a good fit.
They are able to replicate the short term 7 day cycle and the longer annual cycle, though
they do appear to often miss peaks and troughs in the cycles. This was a common fault
with the other Holt-Winters models included in Appendix C. The two models using the
2000 data suffered initially due to the significant difference in presentation numbers in
the first weeks of January, However, the residual analysis for cach model does indicate
appropriate models were developed, with the residuals approximating a normal

distribution,
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The final estimation parameters developed for the 1999 complets data series are:

AR(L)  0.2446 MA (1} 0.8400
SAR (1} -0.0299 SMA (1) 0.9598
SAR(2) -0.1327
producing the mathematical prediction model:
(1-0.24B)1+0.03B" +0.13B")V,V X, =(1-0.84B)(1-0.96B" W,

and the final estimation parameters developed for the 3 year complete data series are:

AR (1) 0.2597 MA (1) 08732
SAR (1) -0.0469 SMA (1) 09778
SAR (2} -0.0734
producing the mathematical prediction model:
(1-0.26B)(1+0.058" +0.07B')V V. X, = (1-0.87B)(1-0.98B" ¥,

Appendix D contains the analysis for each Box-Jenkins model. The parameters as
indicated above for each these models were noted to be similar. The exceptions found
were for the 1999 and 2000 triage category 4 models, each requiring a significant AR
(1) parameter value. The two 1999 models were noted to need a second seasonal
parameter. Figure 5.9 displays the prediction model versus the actual presentations for
the complete 3-years of data and the 1999 series. Once again, each model is able to
replicate in general the two underlying cycles within the data. However, similar to the
Holt-Winters method, the predictive models do not accurately fit the time series when
consecutive daily presentations differ significantly, but unlike a Holt-Winters model, it
“recovers” quickly. The residual analysis of all the models produces a similar result to
the Holt-Winters, with each analysis indicating an appropriate model, despite the
presence of outlying values in each residual histogram. The moving average (MA)
component of a Box-Jenkins model expresses the residual error term Z; as a finite
weighted sum of the previous errors plus a random component. For any given model

this is restricted to the current error term and q weighted error terms in the past.







































6 RESIDUAL ANALYSIS

6.1 ABOUT THIS CHAPTER

Residual analysis is a common statistical method employed to check the viability of a
time series model, once the model has been developed. It is a method applicable when
knowledge of the kind of discrepancies expected is unavailable (Box and Jenkins,
1970). It could be argued, that virtuaily all statistical modelling can be defined by the

equation;

Residual = Observed value — fitted value.

The fitted value attempts to explain the general pattern of a time series while the
residuals record how much the observed or actual value deviates from this general
pattern, Models with residual values large in magnitude represent a poor explanation of
the underlying time series. A benefit of analysing the residuals from a time series is
that they are time ordered, and as such can be treated like any time series data. These
residuals or errors (Z;) are assumed to represent independent random variables that fit a
Normal Distribution, N (0,6). This chapter examines the methods used to check each

model used for this thesis and the results of the residual analysis.

6.2 THE METHODS USED

An obvious first step in the analysis is to plot the residuals time series. A “good” model
can be expected to display a random fluctuation and one that is close to zero. Non
random patterns are indicative of a poor model that needs review. Box and Jenkins
(1970) clearly indicate that the visual inspection of a plot of the residuals is an
indispensable first step in the analysis process. This plot will reveal the presence of
outlying values and any cyclic effects or autocorrelations. A second plot, residuals
versus fits, can similarly be used. A correlogram of the residuals, however, enables any

such cyclic behaviour to be further examined. The correlogram of a *“good” model
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should approximate that of white noise. This type of residual analysis is appropriate
when modelling with Box-Jenkins ARIMA models. Two other graphical techniques
that can be used to determine the goodness of fit for a given model are the histogram
and Q-Q plot The Normal Quantile-Quantile or Q-Q plot enables the guantiles of the
residuals to be plotted against the corresponding quantiles of a normal distribution, A
near straight-line relationship on the Q-Q plot indicates the residuals have a normal
distribution and the model a good fit. Similarly, the histogram should approximate the
bell shape of the normal distribution.

6.3 THE RESIDUAL FINDINGS

The residual plot, as the first step in the analysis, provides a quick and effective method
of checking a model’s viability, Figure 6.1 displays the residual plots for the 1999 and
3 year total triage series by each of the four modelling techniques. The Holt-Winters
method clearly displays an initial under-fitting. This was apparent in the majority of the
models developed by this technique. The high numbers of presentations experienced in
early January appear to significantly impact upon subsequent forecasts until this impact
is reduced. The majority of the residual plots provide evidence that the chosen models
are appropriate. The exception is those for the regression models, most displaying a
non-random pattern still evident within the residual series. The 3 year residual plot in
Figure 6.1 clearly displays such a pattern. However, the application of an ARMA
mode! to these regression residuals appears to have resulted in appropriate, random

residuals,

The ACF and PACF correlograms of the residuals provide an alternative check for the
Box-Jenkins developed models. Those displayed in figure 6.2 indicate that the final
model choice for the 1999 and 3 year total presentation models is appropriate with no
significant lags. While this was the finding with the final choice of model for each of
the 8 series examined, the histograms of most did indicate the presence of outlying

values.
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7  DISCUSSION AND CONCLUSION

7.1  ABOUT THIS CHAPTER

The aim of this thesis was to use time series analysis techniques and regression analysis
in an attempt to model the presentation rates to the emergency department (ED) of
Princess Margaret Hospital for Children (PMH). The resulting mathematical prediction
modrls could be applied to provide short-term forecasts of future patient numbers. This
study is viewed as an initial one in an area where littie study has occurred, which may

lead to more advanced analysis in the future.

7.2  SUMMARY OF ANALYSIS

The ideas behind this study came from employment within the emergency department
of a busy metropolitan hospital. Over a period of time you realise that the number of
patients seen each day varies, that these patients present at varying rates throughout the
day and that springtime usually has higher presentation rates than autumn. However
each of these impressions had little factual analysis to back it up. We decided to

undertake this study to analyse these long held beliefs.

Data representing a 3-year period was obtained from the emergency department at
PMH. A time series over 100 data points is sufficient to enable appropriate model
development. The data was categorised by the triage code, a number system
representing a patient’s level of acuity. It was at this early stage of analysis that the
patients represented by triage category 4 were noted to represent up to 80% of a day’s
total presentations. We decided to develop separate models for this group, to determine
if the presentation rates matched those of the total population.  Prior to beginning
analysis the data was divided by calendar year, into weekly and monthly total

presentation numbers, and combined to represent the complete 3-year time series.
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Initial analysis centred on determining the length of cycle(s) within the ED data series.
Both time series graphs and spectral analysis confirmed the presence of two cycles, the
first one week in length and the second an annual cycle. The shorter 7 day cycle could
not be regarded as either additive or multiplicative, but perhaps a combination of both.
The pattern could best be described as irregularly regular. During the subsequent

analysis this led to models of a questionable nature.

The first models developed used the dynamic techniques of Holt-Winters and Box-
Jenkins, each of which was applied to the various time series. These techniques are
appropriate to use on time series that contain seasonal data. The Holt-Winters three
smoothing parameters were initialised using the Mean Squared Error (MSE). The Box-
Jenkins models were developed through use of the ASTSA and Minitab programs,
together with appropriate analysis of the correlograms for each series to determine the

parameter values required.

These two models clearly identified that the ED time series could be modelied, but the
results obtained were far from perfect. Neither series is able to account for factors that
may influence the series, As stated before, the time of the year, prevailing weather
conditions, and day of the week are all considered to impact upon the number of
patients presenting each day. Regression analysis was used to investigate if any of
these perceived faciors had an influence. Binary regression was used to enable the
isolation of factors. However, this immediately brought about conflict in model design.
While modelling of the dominant 7-day cycle could be attained, the resulting models
proved inappropriate due to the presence of the annual cycle. One solution to this
problem was to introduce a binary variable for the months of the year. This
immediately results in collinearity, correlation between explanatory variables of a
model. However, after discussions, it was felt that despite this obvious problem, the

resulting regression models better reflected each time series.

The impact of a day’s weather upon presentation rates remains a debatable point, The
inclusion of such variables introduces further collinearity into the models. Use of the
Cross Correlation Function (CCF) did not indicate any such correlation. Severe

weather is well known to impact on presentation rates, though its effect is to delay
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The repression model provides a method of incorporating those factors commonly
believed to impact upon the presentation rates. Unlike the dynamic methods, which
allow only for seasonal cycles, the regression model enables other influences upon a
time series to be accommodated within a model. The initial binary regression models
excluded variables for an annual cycle. The results were ineffectual models with an in-
built trend component. These models were suited only to the shortest of time spans.
The raw trend noted in Figure 5.13 led to the inclusion of extra time variables, Time? ...
Time®. While analysis indicated the need for only the Time’, this type of regression
model overcame the induced trend problem with the resulting models having
significantly improved predictive power. These models were also freed of the time
period constraints placed upon the initial regression models developed. However, they

were not fully explored as considered outside the boundaries set for this thesis.

Subsequent regression modelling resulted in the inclusion of binary variables for the
months of the year in an attempt to model the annval cycle. This produced better
models than the initial ones and did represent the underlying series and also overcame
the time induced trend problem. However, the inclusion of the months led to obvious
concerns with collinearity. Similarly the inclusion of variables to model the impact of
the weather does further complicate these concerns. The decision to use the weather
variables in their raw data form could be easily questioned. The impact of a days
weather conditions may be more definable if the data was divided into groupings. This
would enable the binary regression technique to be applied in a more pure manner,
Christoffe] (1984) divided the weather data into 7 different categories - for the purpose

of this study it was considered unnecessary.

A final adjustment to the regression models was the addition of a Box-Jenkins ARMA
model to attempt to explain the residuals from each model. This was undertaken due to
the appatent non-stationary nature of the residual time series from these regression
models. This was very evident in both the 3 year time series. However, the results
from this indicated that only minimal improvement occurred to each model, to the
extent that the forecasts from the combined model were almost indistinguishable from

those of the original regression forecasts.
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7.4  FUTURE RESEARCH DIRECTIONS

This research study examined the possibility that the number of children presenting to
an urban paediatric emergency centre each day is predictable. We did this through the
use of 2 dynamic modelling techniques and binary regression. Other models that could
be considered include state spaced models, dynamic regression models or multiple
autoregressive models, In particular, state spaced modelling allows time series models
to be studied within a common mathematical framework, permitting common coding to

apply to different model types.

The majority of models formulated in this study were for daily presentation rates.
Tranberg and Qualls (1993) in their analysis indicated that examining the presentation
rates in 2 hourly groupings could provide powerful short term forecasts. This type of
grouping may also enable the impact of both weather and environmental factors upon
the presentation rates to be studied. Emergency department managers make staffing
level decisions based upon the expected number of presentations. It is common practice
to reduce staff numbers over the summer period, however it is often an educated guess

based on past experience.

Al patients are given a triage code based upon their level of acuity at the time of
presentation. While there are fewer patients with a triage code of one, each patient
requires a greater staff involvement than those with a higher triage coding. The
allocation of resources within an emergency department may benefit from models based
upon triage coding.

The variation in presentation rates is linked to the time of year. Environmental factors
are known to direetly influence presentation rates. It could also be stated that the cause
of a patient’s presentation could provide useful modelling information and allowing

better resource ailocation.
We examined common variables that may influence presentation rates by use of the

regression technique. While we noted the impact of one off events, eg the Australia

Day fireworks, recent years have seen media reports have dramatic short-term impacts
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upon presentation rates to emergency departments. This type of event could make

future research more challenging.

7.5 CONCLUSION

This thests has examined the daily presentation rates to a metropolitan paediatric
emergency department with the aim of developing mathematical models to predict
future patient volume. Factors of interest were those influencing the patterns of
presentation - these were found to include day of the week (Sunday being generally the
busiest day, and Tuesday or Wednesday the quietest), season (spring and winter being
busier), and the prevailing weather conditions to a lesser extent (extreme weather
conditions tend to delay presentations). One-off everts such as public holidays and
media reports were also noted to affected presentation rates (rates drop during televising
of major sporting events and media reports of hospital mistakes, and increase after

stories current diseases), but do not appear to cause cyclic patterns.

Analysis of presentation rates by four modelling techniques indicated the presence of
two seasonal patterns — a weekly cycle and an annual cycle. Each model provided an
adequate fit, but the dynamic models gave the better forecasts. In particular the Box-
Jenkins model provided the best fit and forecast values. However, the Box-Jenkins
model requires the use of an analytical program to find its initial parameter values,
while Holt-Winters modelling and regression analysis techniques can be undertaken

using most spreadsheet applications.
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APPENDIX A:

Data values used in the analysis

Note: Data for each year is in date order from top left down and across the page
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Weather Data used for the Regression Modelling

1998 Maximum Temperature (degrees Celsius)
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1999 Maximum Temperature {degrees Celsius)
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APPENDIX B:

Model Parameter Values

Box-Jenkins model parameters (May to April );

T L}
Year Model Constant LAR(I‘J SAR(T) | SAR(IH) li‘l»‘\(l) ] SMA(T) | SMA(LS)
=

1998 [ANNEANNLS 200020 | 03065 0.0560 - | ooois | 00613
1998 cat 4 (.10 L 0017 n1434 | -0.0394 . 0.508L 0.9579 .
1999 (LI LY .0.0090 02446 | -0.0299 -0.4321 0.8400 0.9598 -
1099 cat 4 (Q.01K2).20 00620 09187 | - 0.5643 -0.0334 07703 0.3802 0.5152
2000 OLLIELLD: 00020 ] 02553 | -0.8898 - 0.9164 0.0527 0.8315
2000 cat 4 QoKLY | o.nzsli 0.8171 0.0394 . 06467 0,93 -
3 year ((RALEA N 00002 02597 0.0469 007 0.8732 0.9774 -
3 yearcat 4 QLR | 000 | 60177 | 0005t - 00127 0.9802 ]
Regression mode! parameters
Yariable 1998 98 Cnt 4 1993 | "99Cat 4 2000 00 Cat 4 3 year 3yearcatd |
Constant | soomae 51,8302 H0.6741 60.9704 61,6010 329612 910704 G598 |
Timc [ 00436_[ 00247 0.0638 00090 0.126% 0.0633 00087 o069 |
| Mondny 10.1962 4.1804 I 113191 87163 7375 37417 092710 31358 |
Tucsda ; . - - . - 105504 60804 |
Thursday | . - - - - - 20,1047 95007 |
Friday . . N . - 15.1943 60775
Saturday 14.4614 100201 | 15.6884 11,580 14.0822 7.2822 124050 g0u7
Sunduy 343614 19,1719 339110 17,1850 34,3086 16.2850 294512 15.334
Holiday | 311801 18 8657 ae2le | oM 3035 153641 | 207594 83533
April . - 71519 - - B T 3320
Jupe 113078 16315 17.2999 Bol? | 103642 50943 | 1720 27500 |
July 28.0912 14,4615 25.019¢ | 183990 84758 | 07014 3600 |
Augusl 213373 11.2637 20,4333 16098 17.0654 73099 | 349643 passt |
September - - | 283437 38152 16,7259 6.0762 20,4292 7590 |
Decentber 4791 - -19.4434 -R.5045 227835 | -11.2300 - . |
Mnx lemp 01930 - 0,2758 f 0.5589 0.1387 - . |
Raintall -0.2513 -0 2058 -0.2026 10050 D65 | 00653 |

Box-Jenkins pavameters — Regression residual models

Year Model Constant i AR(DY | MA(D) | MA(D) LSMA(S‘}
1998 THT 00062 | 0.7850 | 0.5553 - -
1098 cad | (D) 0.0062 | 0.7784 | 0.5967 o
1999 (0,03 00019 | 01817 - - -

[ 1995 cat 3 (1.0) 00042 | 0.0583 - - . :]
2000 11,0} 0,038 | 0.297 - - -
2000cad | (LD 0.0041 0.6998 | 0.5836 - -

[ 3 year (L0013 | 60015 | 09561 | 0.6306 | 01301 | 0.9472
Jyearcatd | (LOZNO.C1): | 0.0004 | 09750 | 0.7840 | 00746 | 09713
Weekly (1,100,100, ]

Holt-Winters model purameters

Model o f 4

1998 023 | 002 | 0.4
1998 Category 4 ni4 | oos 1 01y
1999 024 | 003 | 0.15
1999 Catcgory 4 0.10 | 0.04 | 0.06
000 027 0.03 0.29
2000 Catepory 4 121 0m [ 914
3 years Combined 035 | o0l | o014
3 veurs Calepory 4 als | n0s !0l
Monthly 089 | 00l | 050
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