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Abstract
The scope of this paper is to estimate the unpredictable hospital demand variations in two public general hospitals in
Piraeus, Greece. We used daily emergency admissions data between 1/1/2001 to 31/12/2005. To measure unpredictable
hospital demand we used both a univariate Autoregressive Moving Average model and a multivariate time series model. In
the latter one, four explanatory variables are tested: the weekend effect, the duty effect, the summer holiday effect, and the
official holiday effect. The variance of forecasted residuals of each hospital regression for every day provides the
estimated unpredictable demand.
The study verifies that daily emergency admissions are characterized by seasonal and weekly variations. In Tzaneio
hospital, the unexpected part of emergency admissions increases over the five-year period, while in Nikaias hospital, it
reduces. From the univariate analysis, it was found that the unpredictable part of admissions is not the same for the two
hospitals and it also varies over the years. The variations of unpredictable hospital demand have increased by about 45% in
Tzaneio hospital and have decreased by about 10% in Nikaias hospital. The results from the multivariate analysis show
that the variations in unpredictable daily demand in Tzaneio hospital have less than doubled. On the contrary, the
variations in unpredictable daily demand in Nikaias hospital have decreased by 20%.
Due to these trends, a general conclusion is that at the beginning of the time period under investigation there are large
variations in unpredictable demand between the two hospitals, which become smaller as we move on to 2005.
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1 Introduction
Demand for hospital care is affected by many factors, such as travel distance [1], meteorological factors [2], adverse drug
reactions [3], supplier-induced demand [4], hospital financing systems [5], development of primary health care [6] and a lot of
others. However, total hospital demand could be separated into this that can be predicted and this that cannot be predicted
(unpredictable). Over the last decades, researchers have attempted to estimate separately the factors that affect the
unpredictable hospital demand mainly for bed standby capacity and its impacts on hospital costs [7-17].
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The majority of empirical researchers use hospital admissions index to measure the unpredictable demand, and
particularly, the category of emergency hospital admissions [12, 17, 18]. They applied a univariate method to measure
unpredictable demand either in the UK or the Greek hospital sector. Hughes and McGuire [12] employed monthly
emergency admissions data to estimate the demand-forecasted equation. They defined the level of uncertainty faced by a
hospital as the difference between realised and forecasted emergency demand. Similarly, Boutsioli [18] based on the same
method used more disaggregated data – daily data – to estimate the unpredictable hospital demand.
However, apart from univariate models to estimate unpredictable demand, researchers have also used multivariate
models [19]. By using various explanatory variables they have attempted to forecast with accuracy future emergency
hospital admissions. In that way, health authorities have attempted to form a model to detect variations in the number of
hospital admissions. Such policies could ensure optimal management and allocation of hospital health care resources.
Baker et al. [8] in the US hospital context discussed the daily variations in hospital utilization and their effects on cost
structure. Among the explanatory factors tested by Baker et al. [8] were the weekend and official holiday variables. They
found that daily census is higher during the week days and lower on weekends and in the days close to official holidays.
They explain these drops in daily census during these specific days of the week or year by the fact that at least some
hospital utilization is elective. Therefore these admissions can be scheduled to coincide with convenient times for both
patients and medical staff. During the same time period, in Italy, Fusco et al. [20] found similar results. Specifically, bed
occupancy decreased over weekends, on national holidays, and during the major holiday season of August. Also, the
largest fluctuations were observed for planned/elective stays. Another empirical study by Fullerton and Crawford [21]
showed that in the UK, occupancy rates were significantly higher in days where the hospital was ‘on duty’ and lower at
Christmas holidays, compared with the rest of the year. Summer vacation as a seasonal variation of hospital admission due
to administration was tested by Upshur et al. [22], in Ontario, Canada. They found that hospital admissions decline during
summer in a consistent and predictable pattern. Additionally, researchers have also tested the impact of weekly and
seasonal (yearly) effect on specific medical problems. In particular, Peckova et al. [23] have found that cardiac arrests do
not occur randomly during the week or year but follow certain periodic patterns. These patterns are probably associated
with patterns of activities. They observed that daily variation peaks on Monday and seasonal variation peaks in the winter.
Many researchers have attempted to analyze the reasons why the phenomenon of decreasing admissions during weekend,
summer and official holidays is highly present in health care services and particularly, in hospital services. It has been
concluded that this might be caused either indirect by the doctors - demand for leisure [24-27], or direct by the hospital itself
– organizational structure [28, 29]. The latter includes the closure of operating theatres at evening and night shifts in
weekdays and their totally closing during weekends. The similar schedule follows hospital laboratories and administrative
services, apart a few hospital departments related to patients’ admissions. However, such an organizational structure might
deteriorate the quality of hospital output [30, 31]. Arias et al. [32] have found that paediatric patients admitted to the Intensive
Care Units during evening hours had higher mortality rates than those admitted during daytime’s hours. Thus, on one side
(supply) hospitals would prefer to postpone any weekend admissions to weekdays when the hospital can fully supply all its
services and on the other side (demand) patients would prefer to be admitted on weekdays because they feel more secure
for their health progress. Hence, it is hypothesized that the weekend effect, the summer holiday effect and the official
holiday effect have a negative impact on hospital admissions.
Public hospitals in the Greek the National Health System (NHS) are required to be on duty and serve emergency
admissions on certain days according to a rotation system. This is true in cities where more than one general public
hospitals exist in the same geographical area. In such duty days referral hospitals admit only the emergent cases reaching
their doors. No elective admissions are admitted on these days. In Piraeus, public hospitals are on duty every third day,
during the period under examination, 2001-2005. Being on duty implies that more emergency admissions are accepted.
Thus, it is assumed that the duty effect has a positive impact on emergency hospital admissions.
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The purpose of this study is to estimate the unpredictable part of hospital demand in the two greatest public general
hospitals in Piraeus, Greece. The daily index of emergency admissions for a five-year time period, from 2001 to 2005 it is
used. To estimate the magnitude of unpredictable hospital demand, two approaches are applied: a univariate and a
multivariate model. By doing so, it is possible to make comparisons between the two different methods, and to suggest the
most easily applicable by hospital managers.

2 Methods
2.1 The Piraeus hospitals
The Prefecture of Piraeus is located in the west part of Attica, Greece. Its permanent population is amounted to 553,450
people, according to the 2001 census. The health needs of the Piraeus residents are mainly covered by the four public
hospitals located in various municipals of Piraeus:
General Hospital of Piraeus “Tzaneio”.
General Hospital of Nikaias Piraeus “Aghios Panteleimon”.
Anti-Cancer Hospital of Piraeus “Metaxa”.
General Hospital-Health Centre of Kithira.
In addition, private health care services exist in the Prefecture of Piraeus, which serve the health care needs of the
population but such a discussion here is out of the scope of this paper. The public hospitals in Piraeus are part of NHS in
Greece.
We use only the general public hospitals exist in Piraeus, for homogeneity reasons. Thus, only two, Tzaneio and Nikaias
hospitals, provide general secondary health care services. We include both hospitals in the sample. They provide both
elective and emergency health services. The first one – Tzaneio Hospital - is located in the city of Piraeus, and the second
one – Nikaias Hospital – is located in the city of Nikaias. Their capacity varies from 474 beds in Tzaneio hospital to 616
beds in Nikaias hospital, in 2005.
Tzaneio hospital has firstly operated in 1873 and thereafter it has been changed considerably. In 2007, it had 474
developed beds distributed in three different medical sectors: Pathological Sector (nine medical departments and five
medical units), Surgical Sector (11 medical departments), and Psychiatric Sector (one medical department). Additionally,
the Tzaneio hospital has three multi-sector departments: Day Clinic, Accident and Emergency Department, and Social
Services Department, and 11 Laboratories.
Nikaias hospital started during the period of Asia Minor Devastation in 1922, but only after the end of 2nd World War in
1952 it acquired its today’s legal entity as one of the public providers of health care services in the Prefecture of Piraeus. Its
developed beds, in 2008, were 616, distributed in the three medical sectors: Pathological Sector (12 medical departments
and eight medical units), Surgical Sector (14 medical departments and seven medical units), and Psychiatric Sector (two
medical departments). In Nikaias hospital also operates the Laboratory Sector, with 12 departments and three units, and
two multi-sector departments, these are, Day Clinic and Accident and Emergency Department.

2.2 Data sources
The data comes from routine administrative sources that are part of the Hospital Management Information System of the
two public general hospitals located in the geographical region of Piraeus, Greece. We collected daily data of emergency
admissions from 1st January 2001 to 31st December 2005 (1,826 observations) from the Admissions Department of the
two hospitals with the assistance of the information technology department. The sampled hospitals keep separate files for
elective and emergency admissions. The disaggregation of admissions into elective and emergency becomes by the
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hospital physicians when the patients come into the hospital. The data on emergency hospital admissions were entered in a
Microsoft Office Excel 2007 file and organized by date of admission. Further data management was performed in the same
file to process the additional covariates of interest with regards to the weekend, the hospitals’ “on duty” days, the summer
holidays and the official public holidays.

2.3 The models
Two models are applied to estimate the unpredictable demand for hospital care. First, we adopt a univariate autoregressive moving average (ARMA) modelling. This is the most commonly technique for forecasting hospital
admissions [12, 14, 18, 33-36] and bed occupancy [14, 30] used in the health service literature. In its general form, the mathematical
expression of an ARMA model can be represented as follows:
p

q

i 1

i 1

Qt   i Qi t   i i t   t

(1)

where Qt are hospital emergency admissions in day (t), φ1, φ2 … φp are the parameters of the autoregressive term of the
model, θ1, θ2 … θq are the parameters of the moving average term and εt is an Independent and Identically Distributed (IID)
error term with mean of zero and constant variance. The equation (1) can be considered as having two parts.
In this paper, we use hospital emergency admissions as the dependent variable to estimate unpredictable demand. ARMA
is a regression model where the explanatory variables are lags of the dependent variable. According to this model, the
unpredictable demand is based on a residual estimate of forecasted daily emergency demand. Thus, the level of
unpredictable demand faced by a hospital is defined as the difference between realised and forecasted emergency demand,
gained from ARMA forecasting model.
Second, a multivariate time series model is used to estimate unpredictable demand. We test the impact of four explanatory
dummy variables on daily emergency hospital admissions. The variables that most commonly have been used are the
weekend effect, the hospital “on duty” effect, the summer holiday effect and the official holiday effect, all measuring
different impacts. The forecasted residuals from each hospital regression for five years are employed as proxies for
unexpected demand. They might be either positive or negative. They are positive when the observed admissions are more
than the forecasted and they are negative when the observed admissions are fewer than the forecasted.
To test the impact of the four explanatory variables on emergency hospital admissions we used the method of Ordinary
Least Square (OLS). All analyses were conducted using E-views econometric package, version 5.1.

3 Results
3.1 Descriptive statistics
The absolute number of total admissions in Tzaneio hospital continuously increases over the five-year period (an increase
of 33% from 2001 to 2005). It rose from 24,055 total admissions, in 2001 to 31,978 admissions, in 2005. Diachronically,
the analogy of emergency admissions to total admissions is kept almost stable and it amounts to 70%. In absolute numbers,
they increased from 16,849 emergency admissions, in 2001 to 22,569 emergency admissions, in 2005 (an increase of
34%). Similarly, elective admissions rose by 31% from 2001 to 2005 (from 7,206 to 9,409) (see Figure 1).
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Figure 1. The development of elective and
emergency admissions in Tzaneio hospital,
2001-2005
In Nikaias hospital, we notice a different pattern in terms of progress of elective and emergency hospital admissions over
the time period under investigation. First, elective admissions increased significantly, almost 80%, between 2001 and
2005. Particularly, they climbed from 1,966 elective admissions, in 2001 to 3,489 elective admissions, in 2005. Second,
emergency admissions decreased from 29,978 admissions, in 2001 to 28,191 admissions, in 2005 (a decline of 6%). As a
result, total admissions in Nikaias hospital noticed a small fall by 0.8%. The share of emergency admissions to total
admissions varies from 88%, in 2004 to 94%, in 2001 (see Figure 2).

Figure 2. The development of elective and
emergency admissions in Nikaias hospital,
2001-2005
The number of emergency admissions varies considerable over the five year period in Tzaneio and Nikaias hospitals in
Piraeus. In Tzaneio hospital, the mean daily emergency admissions, over the five years, are 50 with a standard deviation of
53. In Nikaias hospital, the mean number of emergency hospital admissions equals to 79 with the standard deviation to be
equal to 58 admissions (see Table 1).
The annual mean number of emergency admissions in Tzaneio hospital gradually increases, while in Nikaias hospital it
decreases, over the five-year period under consideration. The Nikaias hospital accepts approximately 60% more emergent
cases than these accept the Tzaneio hospital, based on the whole-period mean values (see Table 1). The mean standard
deviation is larger in Nikaias hospital (58.46) than this in Tzaneio hospital (52.81). Both distributions are skewed to the
right. Their median values are smaller that the mean values. This can also be assured from the maximum value in both
Tzaneio and Nikaias hospitals. In the former, it is almost four times greater than the mean value, while in latter, it is
approximately three times greater than the mean. This ascertainment has significant administrative implications. Hospital
managers should be prepared to accept this huge bulk of patients in a day. This means that their hospitals should be
standby in terms of hospital beds, staff, drugs and other supplies, with important implications on hospital costs [12, 16, 18].
Figure 3(a). presents day variations in the Piraeus hospitals. In both hospitals, we could notice a weekend effect on
emergency admissions. This effect is considerably stronger in Nikaias hospital than this in Tzaneio hospital. Mean
emergency admissions falls by 10% from the weekday average to the weekend average, in Tzaneio hospital. Contrary, in
Nikaias hospital, the mean number of emergency admissions falls by 46% in weekend compared to the weekday average.
From Figure 3(b), it is apparent that exist month variations. First, both hospitals face less emergency admissions, in
average, during July and August (summer effect). This situation is also true for the month of December (Christmas
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holidays) and less obvious for the months of April and May (Easter holidays) – (official holiday’s effect). These effects are
also tested econometrically, and the results are presented in the next paragraph.
Table 1. The descriptive statistics of Tzaneio and Nikaias hospitals per year, 2001-2005
Emergency
Admissions
Dependent
Variable

Mean

Std. Dev.

Median

Max

Skewness

Kurtosis

Jarque-Bere
(Probability)

Tzaneio Hospital
2001
(N=365)
2002
(N=365)
2003
(N=365)
2004
(N=366)
2005
(N=365)
2001-2005
(N=1826)

40

52

5

163

0.83

1.86

46

48

26

173

0.72

2.02

47

46

29

157

0.69

1.91

57

57

33

185

0.72

1.91

62

57

41

195

0.64

1.86

50

53

28

195

0.75

2.07

61.3898
(0.0000)
45.8824
(0.0000)
46.8039
(0.0000)
49.9022
(0.0000)
44.5190
(0.0000)
239.7683
(0.0000)

Nikaias Hospital
2001
(N=365)
2002
(N=365)
2003
(N=365)
2004
(N=366)
2005
(N=365)
2001-2005
(N=1826)

82

64

60

239

0.74

2.38

82

61

63

227

0.65

2.21

79

58

64

220

0.65

2.32

76

55

62.5

206

0.65

2.28

77

54

68

205

0.61

2.27

79

58

63

239

0.68

2.45

(a) Day variations

39.3535
(0.0000)
34.9207
(0.0000)
32.5322
(0.0000)
33.6243
(0.0000)
30.5792
(0.0000)
172.7416
(0.0000)

(b) Month variations

Figure 3. Time variations of emergency admissions, 2001-2005

Published by Sciedu Press

131

www.sciedu.ca/jha

Journal of Hospital Administration, 2013, Vol. 2, No. 4

3.2 Regression results
3.2.1 The univariate estimation of unpredictable hospital demand variations
In the previous section, it was presented the ARMA approach as one method of measuring unpredictable hospital demand.
This section applies this method to emergency hospital admissions data to estimate daily variability measures of
unpredictable demand for the two public hospitals of the sample for five years. There are three steps in this approach:
Step 1: Testing the unit root and stationarity of data.
Step 2: Estimating the appropriate ARMA.
Step 3: Decide on the best model based upon statistical criteria.
The first step tests for stationarity of the daily emergency admissions. This implies that the parameters of the distribution
of emergency admissions (mean and standard deviation) do not change over time. This is examined by testing for a unit
root, i.e. non-stationarity in the time series data. The standard Augmented Dickey-Fuller test (ADF) is commonly used to
test for a unit root, and it is given as follows:

Qt   0   t  1Qt 1    j Qt  j   t

(j  1, 2, , p )

(2)

Where Qt is the variable of emergency admissions at time t, εt is the error term and α0, β, α1 and γj are the parameters to be
estimated. The lag terms are introduced in order to account that the error terms are uncorrelated with lag terms. For the
above-specified model the hypothesis, which would be of interest, is:

H 0 :  0  0 and 1  0

(3)

The results of the unit root tests for the sampled hospitals reveal that the null hypothesis of unit root is rejected at the 1%
level of significance implying that the series are stationary at the level for both hospitals. The existence of stationarity at
the level implies that the emergency hospital admissions series can be modeled without differencing it. In other words, an
ARMA specification and not an ARIMA specification can be applied.
The second step is to choose the number of lags from past daily admissions and the number of lags of past errors, to be used
in predicting the variable. In practice, it is desirable to find the smallest values of φ and θ (Equation 1) which provide an
acceptable fit to the data. With the third step we decide on the best model based upon statistical criteria. The criteria for
selecting the best ARMA model specification are those proposed by Akaike and Schwarz (Step 3). The lower the values of
the Akaike-Schwartz criterion, the most appropriate the ARMA model. The optimal lag values of the AR and MA process
in estimating a univariate model of unpredictable demand for each hospital of the sample equals to 10 past values for
Tzaneio hospital and to 11 past values for Nikaias hospital, i.e. (10,10) and (11,11), respectively.
Each hospital’s estimation process provides an estimate of the residual (εt), which is the unpredictable part of emergency
daily admissions. These residuals have a zero mean and their standard deviation is constant.
To estimate annual variations of unpredictable demand two ways are applied. In the first case, all the residuals forecasts,
both positive and negative are used. The forecast errors are positive when actual (emergency admissions) are more than the
fitted, while they are negative when the actual are less than the fitted. According to the theory, if we sum up these, the
result should be equal to zero. To overcome this, I took the absolute values of the negative forecast errors. In the second
case, only the positive values of forecast errors, excluding all the negative ones are used. This is called “excess demand”
for unpredictable admissions.
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Table 2(a) reports measures of standard deviation of unpredictable emergency admissions per hospital per year. It includes
all residuals, both positive and negative. As can be seen, the unpredictable part of emergency admissions is not the same
for the two hospitals and it also varies over the years.
Table 2. Variations in unpredictable daily hospital demand from univariate ARMA model
All ARMA forecast errors (N=1826) (a)
Hospital

2001

2002

2003

2004

2005

1

Tzaneio

9.4

11.5

13.5

16.7

13.8

2

Nikaias

17.8

17.1

20.6

15.7

16.1

All positive ARMA forecast errors (N=1826) (b)
Hospital

2001

2002

2003

2004

2005

1

Tzaneio

7.1

9.1

9.6

10.7

10.2

2

Nikaias

10.4

10.6

12.6

9.6

9.4

The results reported in Table 2(a) are treated as equally important variations of daily emergency admissions around its
mean. However, what is important for the hospital manager are the cases that emergency admissions are greater than
forecasted because then they are forced to turn away patients or treat them with lower than expected quality, i.e. put them
in beds in the corridors of the hospital. Table 2(b) presents data on the variability of emergency admissions when the actual
emergency admissions are above the ones predicted by the model. In other words, it excludes the negative values of the
error term. Taking only the positive values of forecast errors gives a lower extent of variations of “excess demand” for
hospital admissions. The variations of unpredictable hospital demand have increased by about 45% in Tzaneio hospital
and have decreased by about 10% in Nikaias hospital.
3.2.2 The multivariate estimation of unpredictable hospital demand variations
The multivariate approach develops a regression model with daily emergency admissions as the dependent variable and
four explanatory variables – the weekend effect, the summer holiday effect, the official holiday effect, and the duty effect.
The first three are expected to have a negative impact and the fourth variable a positive impact on emergency admissions.
The regression results per hospital are provided in Table 3. All variables have the expected sign in both hospital
regressions. However, they do differ in terms of the quantitative impact as this is demonstrated by the magnitude of the
coefficient. Overall daily hospital emergency variations are well explained by the four explanatory variables. The adjusted
R2 is 86% for both hospitals.
Table 3. Regressions results per hospital, 2001-2005
Explanatory Variables*
a/aHospital

Adj-R2

F

S.E.R

104
(108.0)

86.52

2929
(0.0000)

19.39

106
(98.80)

86.3

2874
(0.0000)

21.64

Constant

Weekend

Summer
Holiday

Official
Holiday

Duty

1 Tzaneio

18.51
(27.84)

-4.96
(-4.93)

-6.48
(-5.35)

-7.31
(-3.19)

2 Nikaias

59.73
(80.34)

-42.35
(-37.76)

-14.45
(-10.69)

-33.78
(-13.21)

* All estimations are significant at 1 % level. The t-statistics are shown in the parentheses.

The standard error of regression (SER) measures the variation in the unpredicted part of the daily emergency admissions.
The error series of the multivariate model are used to estimate variations in unexpected demand per hospital and per year.
It is exactly the same procedure followed in the univariate model, which was presented above. The results are given in
Table 4.
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Table 4. Variations in unpredictable daily hospital demand from multivariate model
All Multivariate forecast errors (N=1826) (a)
Hospital

2001

2002

2003

2004

2005

1

Tzaneio

10.2

16.9

18.0

20.9

20.0

2

Nikaias

22.4

21.3

22.2

20.8

20.9

All Positive Multivariate forecast errors (N=1826) (b)
Hospital

2001

2002

2003

2004

2005

1

Tzaneio

8.8

10.5

10.1

13.0

14.0

2

Nikaias

15.3

12.8

12.2

11.0

11.9

The results of Table 4(b) shows that the variations in unpredictable daily demand in Tzaneio hospitals have less than
doubled over the five-year period under investigation. They have increased from nine admissions in 2001 to 14 admissions
in 2005. Contrary to this, the variations in unpredictable daily demand in Nikaias hospital have decreased by 20% from
2001 to 2005. They have reduced from 15 admissions to 12 admissions. Due to these trends, a general conclusion is that at
the beginning of the time period under investigation there are large variations in unpredictable demand between the two
hospitals, which become smaller as we move on to 2005. Similar trends are noticed when we look at Table 4(a), where all
multivariate forecast errors (both positive and negative) are used.

4 Conclusions and discussion
This paper uses two methods to measure unpredictable hospital demand in two public NHS hospitals in Piraeus, Greece,
during the period 2001-2005: first, a univariate Autoregressive Moving Average model and second a multivariate time
series model. In the latter one, four explanatory variables are tested: the weekend effect, the duty effect, the summer
holiday effect, and the official holiday effect.
To my knowledge this issue has not been investigated in Greece. Emergency hospital admissions decline during summer
months, weekends, and official holidays but increase during “on duty” days. These findings are similar with those found in
other studies conducted in different health care systems [21, 22, 34].
From the descriptive statistics results that emergency admissions as a percentage of total admissions accounts for 70%, in
Tzaneio hospital and approximately to 90%, in Nikaias hospital. In Tzaneio hospital, emergency admissions have
increased by about 30% over the five-year period. Contrary, in Nikaias hospital, emergency admissions have declined by
about 6% from 2001 to 2005. In Tzaneio hospital, the mean daily emergency admissions are 50 with a standard deviation
of 53, while in Nikaias hospital, the mean number of emergency hospital admissions equals to 79 with the standard
deviation to be equal to 58 admissions. These results could be explained due to the very good publicity that the Tzaneio
hospital has all over the country. For instance, many people from other surrounding cities arrange to do their medical
exams and surgeries in the Tzaneio hospital, in Piraeus (see Statistics, in www.tzaneio.gr). On the other hand, the Nikaias
hospital faces considerable competition from the Attikon hospital that covers the wider area of west part of Attica,
including the city of Nikaia. The absolute number elective surgeries have been decreased over time (see statistics, in
www.nikaias-hosp.gr).
As far as the day and month variations in the Piraeus hospitals are concerned, they exist in both hospitals. In Nikaias
hospital, the three out of four variables (weekend effect, summer effect and official holiday effect) have stronger effects
than these in Tzaneio in the variability of emergency hospital admissions. This result could be explained from the fact that
the Tzaneio hospital is located in the city centre of Piraeus, where the permanent population, according to the recent
registry (2011), is 55% larger than this in Nikaia city (see, Press Release, 28/12/2012, ELSTAT, www.statistics.gr). Also,
this could happen due to the fact that the city of Piraeus has the biggest port in Greece and it is one of the biggest business
centre with many big shipping companies located in the city centre. This highly productivity creates increased demand for
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visiting to doctors and hospitalization independently of the day and time period of admission. Opposite, the city of
Nikaias, a neighbouring city is a considerably smaller business centre than this of Piraeus city. The duty effect has a
similarly positive impact on hospital emergency admissions in both public hospitals.
Independently of the model we apply, in Tzaneio hospital, the unexpected part of emergency admissions increases over the
five-year period, while in Nikaias hospital, it reduces. From the univariate analysis, it was found that the unpredictable part
of admissions is not the same for the two hospitals and it also varies over the years. When it is used only the positive values
of forecast errors it gives a lower extent of variations of excess demand for hospital admissions, compared to the case that
all, positive and negative forecast errors are applied. Over the five-year period, the variations of unpredictable hospital
demand have increased by about 45% in Tzaneio hospital and have decreased by about 10% in Nikaias hospital. The
results from the multivariate analysis shows that the variations in unpredictable daily demand in Tzaneio hospitals have
less than doubled over the five-year period under investigation. They have increased from nine admissions in 2001 to 14
admissions in 2005. Contrary, the variations in unpredictable daily demand in Nikaias hospital have decreased by 20%
from 2001 to 2005. They have reduced from 15 admissions to 12 admissions. In absolute numbers, these findings are in
parallel with those found earlier in terms of the two hospitals’ productivity – in Tzaneio hospital it is noticed a
continuously increase of outcomes, while in Nikaias hospital the trend of its productivity is decreasing, over time.
A general conclusion is that at the beginning of the time period under investigation there are large variations in
unpredictable demand between the two hospitals, which become smaller as we move on to 2005. As we mentioned earlier,
the operation of the Attikon hospital at the beginning of 2000, in the west part of Greece attracted a great number of
people, not only from the surrounding area but from the whole Greece. Many patients felt more secure to admit in this
newly established hospital, where there were new machines, new technologies and new infrastructures. However, the
investigation of these trends in unpredictable hospital demand variations over the time period examined is out of the scope
of this paper and it is a topic for further and future research interest.
The accurate forecasting of future demand assists hospitals in programming short-term needs such as staff and supplies,
and long-term needs such as beds and buildings. The existence of the appropriate methodological instruments, applied by
hospital managers, could help them smooth down upcoming patient flows and beds, and assist health policy makers to plan
a priori, in an efficient way, the allocation of scarce hospital resources [14, 21, 22, 34, 37].
For the present study, we notice two drawbacks.
First, in the literature more extended models have been used to forecast hospital demand. For example, epidemiological
data [34] and weather and pollution information are the most commonly used [14, 19, 36]. The use of extensive and detailed
pollution and weather data could shed some light in the variations of hospital emergency admissions in the Greek NHS and
provide us with more accurate future projections of number of patients arrived at hospitals.
Second, this study does not connect the variations of unexpected demand and hospital costs. If unexpected demand raises
hospital costs, as it is the case in other country settings, then the multivariate model can give some guidance to hospital
administrators of how to reduce the variability of emergency admissions. Previous empirical studies in Greece have found
that public hospitals are inefficient [38, 39]. Further research should include stochastic demand as one of the explanatory
variables into the hospital costs functions in order to investigate whether part of this inefficiency could be explained by the
reserve capacity held by hospitals due to uncertain demand.
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