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ABSTRACT
The level of demand for hospital emergency services is closely connected to the demographic characteristics of a region’s population. The objective of this study is to examine the influence of changes in population size and structure on the volume of emergency service needs exhibited by patients arriving at hospital
emergency departments in the area. The Monte Carlo simulation model examines demographic trends at
the regional level, formulates forecasts for population changes, and extrapolates the simulated patterns of
the demand for acute services. The model includes data on the population in 9 districts that surround
Wrocław, the capital of Lower Silesia (Poland) and data on acute visits to emergency departments located
in the region. Our analysis suggests that two age groups, i.e., children aged 0-4 and elderly people aged
60 and over, are responsible for a large share of the changes in the demand level.
1

INTRODUCTION

The Polish emergency medical service system (EMS) includes pre-hospital medical care, which is provided by medical emergency teams, and hospital/ambulatory care, which is provided by hospital emergency
departments (EDs). An ED performs diagnostic and therapeutic services and serves as the point of admission for most patients with acute medical conditions. Local governments are obliged to deliver emergency
services to the citizens of their regions. Contracts between the purchaser (the National Health Fund –
NFZ) and the providers are conditional on the forecasted demand for acute services and the cost of relevant medical treatment in EDs. The preferences of the patients with respect to their selection of an ED are
important factors during the contracting process. The prediction formula for the expected volume of
emergency patients is valuable at the regional and the unit levels. At the macro level, the formula supports
strategic planning decisions that are related to resource allocation to cover the demand for EMS services.
At the micro level, the formula is used in the internal hospital financial planning process. For the contract
values to be reliable and accurate, it is important that the tool forecasts future demand in relation to the
entire region and each ED located in the region. The financial resources at NFZ’s disposal are divided
based on contracts with the EDs to cover the demand for hospital emergency services in the region. If
emergency admissions could be forecasted accurately, contracts could cover the real costs of emergency
treatment in units, and equity in access to emergency care could be assured for a region’s population.
Typically, the quantitative methods applied to study demand are time series analysis methods. The
most common approaches are based on the decomposition of time series and causal modeling (cf. Batal et
al. 2001; Channouf et al. 2007; Champion et al. 2007). Certain authors (Setzler et al. 2009) have suggested the use of artificial neural networks in formulating emergency call forecasts for both time and location.
In this paper, the regression model and the Monte Carlo (MC) simulation approach are proposed to investigate demographic trends across the region and examine the influence of changes in the population on the
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volume of emergency service needs expressed by the patients arriving at hospital emergency departments
in the area.
2

LITERATURE REVIEW

The literature on predicting EMS service demand has evolved in two primary directions. One class of
models seeks methods for forecasting how the demand for ED services changes over time. The aim of
these models is to deliver to EMS managers reliable information that can influence micro-level planning
and facilitate the allocation of human and physical ED resources. Typically, such studies focus on the local ED, and the process of model development and validation is based on historical data while assuming
that future demand will behave in a similar manner. These models are used to make short-term predictions for hourly, daily, or monthly hospital emergency arrivals. The applied methods are usually time series analysis methods. The second class of models may be described as upper-level models that predict
overall spatial demand for large geographic areas over long periods (e.g., a year) using demographic and
socio-economic characteristics. These models support strategic decisions, such as resource use planning,
which includes the determination of vehicle placement strategies. The models are useful when making
decisions regarding healthcare system expansion or reorganization. Additionally, the models could be
useful when estimating future costs of the provision of EMS services when beginning contract negotiations with regional providers.
An interesting review in the EMS demand volume forecasting literature was provided by Setzler et al.
(2009). Beginning with the 1970s, the authors tracked forecast models and described numerous examples
of applied forecasting techniques. Batal et al. (2001) matched the daily patient volume with calendar and
weather variables and applied linear regression analysis. Channouf et al. (2007) estimated the arrival rate
during day-long and hour-long periods using time series models. Champion et al. (2007) used the exponential smoothing and Box-Jenkins methods to forecast the number of patients arriving daily at the hospital emergency department for the next five months. Ong et al. (2009) applied a time series analysis to describe the time-demand patterns at a local EMS unit. The authors observed that emergency attendance
appeared to correspond to circadian rhythms. Jones et al. (2008) evaluated several statistical methods for
predicting daily ED patients volumes at multiple, diverse hospital EDs and confirmed that daily demand
for emergency services occurred in seasonal and weekly patterns. McCarthy et al. (2008) proved that demand for ED services was effectively approximated by the Poisson model, which meant that the number
of arrivals that occur within the space of one hour was independent of the number that occur within the
next hour. Boyle et al. (2012) conducted studies to predict the number of ED presentations and subsequent admissions on any given day of the year for a range of urban and regional hospitals. The models
considered included multiple regression, autoregressive integrated moving average and exponential
smoothing models. Six time series models were developed by Diaz-Hierro et al. (2012), who concluded
that the simultaneous use of two models improves short-term planning. Diaz et al. (2001) studied the relations between emergency hospital admissions and environmental variables and found significant associations. The studies confirm that demand in the ED is cyclical and that the daily number of ED patients
changes according to the day of the week and the time of year. The time series methods are successful in
predicting the average daily number of patients. The limitation of these models is that they do not consider the possibility of sudden changes in population demographics and unmet demand.
Initial attempts to develop upper-level models of the demand for emergency services were made in
the 1970s by Aldrich et al. (1971) and Kvalseth and Deems (1979). These authors estimated the number
and type of calls for publicly dispatched ambulances using multivariate linear statistical models. They
found that the demand for public ambulances appeared to be highly predictable and that the most important variables in terms of their effect on total EMS demand were acreage, family economic status, the
rate of male unemployment and racial composition. Kamenetzky et al. (1982) estimated the demand for
emergency transportation services using four independent variables: population, employment, and two in-
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dicators of socio-economic status. They obtained reliable estimates and determined that the use of such a
model enables planners to estimate unmet needs.
The primary factors that influence the level of demand for hospital emergency services are as follows:
population demographics (i.e., age, gender, and racial characteristics), the region’s socio-economic profile
(i.e., employment, the number and location of healthcare providers, and housing and land use), temporal
factors (i.e., hour-of-day, day-of-week, type-of-day, season, and calendar year), weather factors (i.e., temperature and precipitation), patient factors (i.e., age, gender, and triage level) and environmental factors
(i.e., air pollution). Most authors have considered age-associated patterns and reached a range of conclusions. McConnel and Wilson (1998) and Lowthian et al. (2011a) found that demand for EMS services increased exponentially with age, and Chu et al. (2009) observed a relative decrease in ED attendance by
patients 65 and older across certain triage groups. Interestingly, Lowthian et al. (2011b) proved that although demand for ambulances was growing faster that can be explained by population growth, it was
possible to attribute only 25% of the EMS calls to ageing and population growth. Most of the studies confirm that the observed trends are geographically related and that local population demographics trends
may be of importance.
In this paper, the MC simulation approach is proposed to examine the influence of demographic
changes on the volume of emergency calls as represented of patients arriving at hospital emergency departments in the area. According to Mielczarek and Uziałko-Mydlikowska (2012a), MC is the preferred
modeling technique for analyzing epidemiology, health promotion and health policy issues. The advantage of a simulation model is its ability to test any modification to fully understand the problem and to
estimate the variability involved in the observed process. Simulation models operate on probabilistic distributions that are in most cases derived from historical datasets. A model simulates hundreds or thousands of potential scenarios and produces forecasted outputs, typically in the form of relevant means,
probabilities and the dispersion of results around the expected value. To the best of the author’s
knowledge, no studies have been conducted that use the MC simulation approach to quantitate the relationship between the expected EMS patient volume and demographic variables. The general idea of the
study was described in Mielczarek and Uziałko-Mydlikowska (2012b).
3

PROBLEM STRUCTURING

Healthcare in Poland is financed by obligatory health insurance contributions paid by each working citizen. The NFZ administers this income and allocates it to finance healthcare services by dividing the contributions among voivodeships according to an allocation formula. The healthcare services purchase process has been based on selective contracting between the payer (the NFZ) and the healthcare providers.
Regional branches of the NFZ contract broad categories of service in respective voivodeships: primary
and ambulatory care, specialized ambulatory care and inpatient care, emergency care, rehabilitation and
intermediate care, long-term care, hospice and palliative care, mental healthcare and other types of care.
In contrast to other healthcare services, emergency services are provided without restriction for every patient who requires medical assistance.
EMS ambulance services are funded by the state budget and administered by regional branches of the
NFZ. Hospital emergency services, which are provided in admission units (AUs) and emergency wards
(EWs), are reimbursed by the NFZ in accordance with daily lump-sum rates, which are defined ex ante in
yearly contracts. The daily lump sum, R, for any AU/EW is determined in close relation to prior-year demand volume: R  RS  R f , where RS represents structure component and Rf represents the function
component of the daily lump sum. The RS is determined based on the degree at which the standard level of
technical, organizational and personnel requirements is satisfied. The standard level is defined by the NFZ
regional authority and published in a special announcement. The Rf is calculated based on the number of
patient visits registered during the previously reported period.
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The estimation of the next-year number and the structure of acute services to be provided in AU/EWs
in the area might facilitate the determination of the fair values of contracts. If EMS admissions could be
forecasted accurately, the contract would enable the real costs of emergency treatment in the unit to be
covered and assure equity in access to emergency care. In this paper, the use of the regression model and
the MC simulation approach is proposed for the estimation of future EMS admissions volume in the context of the entire regional demand.
The study was conducted in the Wrocław Region (WR), which is part of the Lower Silesia voivodeship in Poland. The WR encompasses 9 districts: the capital of Lower Silesia (Wrocław) and 8 districts
that are close to the capital. In 2010, the WR’s population comprised approximately 41.11% of the Lower
Silesian population. Twelve admission units (AUs) and 5 emergency wards (EWs) operated in the area
during this year. All of the AU/EWs located in the WR serve the inhabitants of the region in addition to
patients from other Lower Silesia sub-regions and citizens from other Polish provinces. A patient can
freely select the hospital where he or she seeks emergency care. Individuals who reside in the WR may
receive emergency treatment from the AUs and EWs located in the WR and the AUs and EWs located in
other Polish sub-regions.
4
4.1

DATA AND METHOD
Demographic Data

Demographic data were obtained from the Central Statistical Office (CSO 2013) webpage. The study period was 2006-2011. Independent variables were selected based on the findings described by Kamenetzky
et al. (1982), who tested a range of variables and predicted EMS demand using 4 independent variables.
We assumed that a model should contain a small number of variables and that the input data should be
easily available from the CSO webpage. The following set of demographic statistics were considered in
the model: (a) total population – according to Kamenetzky et al. (1982) population is intuitively the most
important variable in determining demand; (b) two age groups (0-4 and 60+) which according to the initial analysis produced the highest percentages of EMS patients among other age groups.
4.2

EMS Demand Data

The data for this study were obtained from the NFZ regional branch in Wrocław (Poland). The basic datasets included information on 759,964 emergency admissions of patients residing in 9 districts in the
WR. The admissions were registered in AU/EWs located in Lower Silesia. The data were provided by
month for each year during the period 2006-2011. The records from the second, detailed dataset revealed
183,517 emergency visits registered in 2010 in AU/EWs located in the WR. To protect anonymity, personal data were deleted from the source files.
Table 1 provides statistics on annual emergency demand registered in all of the AU/EWs in Lower Silesia for individuals residing in the 9 WR districts. The values describe the overall emergency needs of
the WR population that were met by the emergency departments located in Lower Silesia. Data on emergency admissions to hospitals other than those in Lower Silesia were not available and are not considered
here.
Table 1: Annual summary statistics on emergency demand.
2006
2007
Total population
1,168,102 1,170,067
Demand
120,825
134,622
Demand/population 0.10
0.12

2008
1,172,954
147,872
0.13
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2009
1,177,157
173,227
0.15

2010
1,183,169
183,418
0.16

2011
1,197,462
188,381
0.16
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The numbers presented in Table 1 suggest rapid growth in EMS call volume between 2008 and 2009.
However, the data are misleading, and there are at least two important reasons that explain the observable
significant increase in the demand. First, the Polish healthcare system was radically transformed after
1999 when the sickness funds were established. Only three years later, in 2001, NFZ replaced sickness
funds. The ongoing changes in the healthcare system (i.e., the longer and the more complicated process
required to arrange specialist care) caused patients to consider hospital AUs as alternatives to general
practitioner practices, which increased the number of non-emergency cases treated by the emergency system. Second, the information on the number of emergency visits to EDs is based on the historical data obtained from the NFZ registries. The monitoring and recording system used by the NFZ was unstable and
the data-collection requirements were continually modified. The requirements gradually became more
precisely defined, and the data transferred from hospital statistical units to NFZ regional branches became
more extensive. Therefore, it was determined to forecast the future EMS demand in the WR while considering the historical data obtained from NFZ only for the period 2009-2011.
4.3

Regression Model

Based on the 54 data points, the regression and correlation analysis was performed. Then, using the least
squares linear regression method, a model was constructed that contained only three independent variables: total population, percentage of the total population aged 0-4, and percentage of the total population
aged 60 or older. The final regression equation was as follows:
(

)

(

).

(1)

D: annual total number of emergency calls from the WR population,
P: population of the WR,
(%Pop60+): percentage of the total population aged 60 or older,
(%Pop04): percentage of the total population aged 0-4.
An adjusted R2 = 0.95 and a p-value < 0.15 were obtained, which indicated a good fit (Table 2).
The coefficients that precede each variable determine the number of additional patient visits (assuming that the patient is a WR resident) to ED units:




a one-thousand person increase in the WR population increases the hospital emergency demand
of the WR population by 145,
an increase of 0.1% in the number of elderly people in the WR increases the hospital emergency
demand of the WR population by 15,600,
an increase of 0.1% in the number of children aged 0-4 in the WR increases the hospital emergency demand of the WR population by 41,300.

Table 2: Statistics obtained with the regression analysis. Pop: population in the WR; (%Pop60+): percentage of the total population aged 60 or older; (%Pop04): percentage of total population aged 0-4.
Intercept
Pop
(%Pop60+)
(%Pop04)
Adjusted R square
Standard error
Observations

Coefficient
-50,069.6
0.145356
156,325.5
412,821.1
0.95
5,940.7
54
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Standard error
12,592.65
0.006503
55,807.22
169,067.3

p-value
0.000226
1.11E-27
0.007222
0.018196
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Validation was performed for the historical data that describe three demographic variables: the total
population in the WR region, the percentage ratio of the elder population and the percentage ratio of children aged 0-4 for the years 2009-2011. The total quantity of demand provided by formula (1) was compared with the historical demand data collected for the WR in 2009-2011. The correlation between estimated and observed values is 0.99, which suggests a highly consistent relationship. The output validation
tests results are provided in Table 3. The observed differences indicate a good fit. Note that when the
same three independent variables were included in a larger set of variables (we tested employment, unemployment, gender, and other age groups), a regression procedure selected a substantially inferior model in
interpretability and goodness of fit.
Table 3: Validation of the regression model: Comparison of the estimated and actual levels of demand for
emergency services in the WR.
Year
2011
2010
2009
4.4

Model demand
179,184
175,099
172,273

Actual demand Difference
188,381
-4.88%
183,418
-4.54%
173,227
-0.55%

Monte Carlo Simulation Model

A Monte Carlo (MC) model using an Excel spreadsheet was constructed to simulate the forecasts of the
emergency hospital demand volume originating in the WR population. The key element of the MC model
is the regression formula presented in (1), which links the volume of WR emergency patients to the WR
population. To perform the simulation, the input probability distributions that characterize the demographic parameters of the WR must be defined. To properly model the demographic trends in the WR, the
random distributions should describe the changes in the nominal values and not the nominal values themselves. The probability distributions for the annual changes of the three demographic parameters were
constructed using the data published by CSO for the period 2000-2012. Table 4 presents the output statistics obtained after the fitting procedure was performed.
Table 4: Input probability distributions that describe three demographic parameters of the WR and the statistics that summarize the fitting process. SE: standard error; KE: Kolmogorov-Smirnov statistics.
Parameter
Population growth
(Pop)
Population 60+ growth
(Pop60+)
Population 0-4 growth
(Pop04)

Distribution Parameters Test statistics
exponential a = -1170
SE = 0.010726
μ = 4090
KE test = 0.198
exponential a = 296
SE = 0.111233
μ = 3950
KE test = 0.225
uniform
a = -1562
SE = 0.14375
b = 3718
KE test = 0.347

p-value
> 0.15
> 0.15
> 0.15

The MC model samples the values from the three input random distributions and converts them into
the form of three parameters, which are the independent variables of the regression model. The forecasted
demand volume is calculated as an average value based on 500 replications.
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5

SIMULATIONS AND COMPARISONS

5.1

Model Validation

Model validation was performed for the data that describe the WR population and its structure as registered in 2009 (Pop = 1,177,157; Pop04 = 58,180; Pop60+ = 232,179) and in 2010 (Pop = 1,183,169;
Pop04 = 61,316; Pop60+ = 240,643). The simulation experiment consisted of the following steps:
1. Sampling values that describe the changes Pop, Pop04 and Pop60+ that result from 3 input
random distributions in accordance with the parameters in Table 4;
2. Calculating the forecasted (i.e., the next year) values for Pop, Pop04 and Pop60+;
Pop(2010) = Pop(2009) + Pop;
3. Calculating the forecasted percentage share of %Pop04 and %Pop60+ in the forecasted WR population, Pop;
4. Applying regression formula (1) to predict the demand for 2010 and 2011 based on the simulated
parameters Pop, %Pop04, and %Pop60+;
5. Replicating steps (1) – (4) 500 times and calculating the average demand value and the output statistics (Table 5).
Table 5: MC output statistics. Simulation model predictions for 2010 (2011) WR population and demand
based on 2009 (2010) historical data. The %Difference measures the percentage difference between historical values observed for 2010 (2011) and the MC model forecasts formulated for 2010 (2011).
Pop
Pop04 Pop60+
Pop
2009 historical value
2010 historical value
1,177,157 58,180 232,179
1,183,169
2010 MC model forecasts
Mean
1,180,044
Std. dev.
4,021
Half width
352
Median
1,178,853
Maximum
1,201,028
Minimum
1,175,990
%Difference
-0.26%
2010 historical value
2011 historical value
1,183,169 61,316 240,643
1,197,462
2011 MC model forecasts
Mean
1,186,217
Std. dev.
3,866
Half width
339
Median
1,185,113
Maximum
1,206,773
Minimum
1,182,009
%Difference
-0.94%

Pop04

Pop60+

Demand

61,316

240,643

183,418

59,275
1,506
132
59,298
61,883
56,651
-3.33%

236,210
3,519
308
235,190
253,120
232,488
-1.84%

173,486
816
72
173,405
176,369
171,822
-5.42%

65,034

251,066

188,381

62,256
1,577
138
62,201
65,008
59,764
-4.27%

244,836
3,824
335
243,593
268,940
240,966
-2.48%

176,286
872
76
176,189
180,473
174,609
-6.42%

Table 5 provides descriptive statistics for the output variables obtained using the MC model. The
simulation for the total population (Pop) in 2010 resulted in values slightly lower than historical
(1,180,044 compared with 1,183,169). However, the difference is small (0.26% underestimation). The
numbers in the two considered age groups (Pop04 and Pop60+) are also underestimated, and the percentage difference is -3.33% and -1.84%, respectively. The prediction interval, which is defined by minimum
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and maximum values collected during 500 trials, encompasses the true values in the case of all three variables. The forecasted demand level is underestimated by 5.42% (173,486 compared with 183,418), and
the true value falls outside the prediction interval. The mean demand exceeds the median demand, which
indicates that the simulated demand values are skewed to the right. Similarly to 2010, the simulation results obtained for 2011 resulted in values that were slightly lower than historical. However, the difference
remains acceptable (6.42% of underestimation in demand values).
The underestimation of EMS demand most likely results from the specificity of the WR, which is the
third largest educational center in Poland. The inflow of students from October until June increases the
total population up to 12 % (according to CSO) and generates the additional EMS calls served by
AU/EWs in WR. The second reason that explains the lower simulation outputs compared with the historical values is connected to non-demographic factors that influence the level of demand for hospital emergency services, e.g., the region’s socio-economic patient profile or environmental factors. However, considering the observed discrepancy, we may assume that the evidence supports the conclusion that a
simulation model provided good forecasts for the expected level of emergency services in the WR.
5.2
5.2.1

Simulation Results
Base Case Scenario

A series of scenarios was developed to evaluate through computer simulation the influence of demographic trends in the WR on the forecasted level of demand for hospital emergency services exhibited by the
WR population. The historical data on 2011 WR demographic characteristics were input into the MC
model, and the simulation was performed for 2012. The simulation predicted a 4.23% decrease in 2012 in
emergency patient visits in the WR region (Table 6). Additionally, the WR population was predicted to
grow by 0.24%. Population growth in the two considered age groups (children age 0-4 and people 60+)
was also observed.
Table 6: The MC model output statistics. The simulated changes in the WR population structure and the
emergency demand level in 2012 (n/a: data not available).
2012: output simulation values
2012: values extrapolated based on the
incomplete CSO and NFZ data

Population Population 0-4 Population 60+ Demand
0.24%
1.75%
1.72% -4.23%
0.32%

n/a

n/a

-3.70%

The incomplete data that describe the WR total population in 2012 (3 quarters of 2012, as published
by CSO) and the incomplete data on emergency demand in the WR (6 months of 2012, as collected by
NFZ) confirm the credibility of the simulation forecasts.
5.2.2

Simulation Based on CSO Demographic Forecasts

The MC simulation model was input with the data on the forecasted demographic changes in the WR. The
forecasts were formulated by the CSO based on the data from 2007. According to the CSO (Table 7), the
WR population will exhibit a continuous and stable increase (annually from 0.13% in 2013 to 0.07% in
2020). The number of children aged 0-4 will decrease, and the predictions indicate a stronger slope rate in
the subsequent years (from 0.47% in 2013 to -1.76% in 2020). The number of older individuals (60+) will
increase. However, the growth rate will weaken in the subsequent years (from 2.92% in 2013 to 1.22% in
2020).
Assuming that the factors that drive EMS arrivals remain much the same in the future, the series of
simulation experiments were performed to observe the changes in emergency demand in accordance with
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the demographic trends forecasted by the CSO. Figure 1 presents the simulated percentage changes in the
total number of emergency hospital presentations originating in the WR population for 2012-2020 in connection with the growth rates of three population parameters according to demography forecasts published by the CSO. It is apparent that the level of demand is continuously increasing. However, the
growth is less intensive in the following years. The percentage values that describe the simulated demand
growth rates are positive. However, these value decrease from 2.34% in 2012 to 0.18% in 2020.
Table 7: CSO demographic forecasts. The predicted annual changes in the WR population.
2013
2014
2015
2016
2017
2018
2019
2020

Population Population 0–4 Population 60+
0.13%
0.47%
2.92%
0.12%
0.06%
2.75%
0.11%
-0.29%
2.71%
0.10%
-0.66%
2.47%
0.10%
-0.93%
2.24%
0.08%
-1.25%
2.07%
0.06%
-1.50%
1.53%
0.07%
-1.76%
1.22%

Simulation experiments demonstrate that the youngest population strongly influences the estimated
level of hospital emergency visits. The forecasted decrease in the number of children aged 0-4 significantly affects the EMS needs in the WR and slows the predicted demand growth rate, which – in contrast – is
increased by the increasing number of individuals aged over 60. According to McConnel and Wilson
(1998), those in the older population group are nearly twice as likely to generate emergency calls than
younger persons. With the stable level of the entire population, these two age groups produce the observable changes in the EMS demand level.

Figure 1: Simulation of WR emergency demand based on the CSO demographic forecasts. Annual growth
rates in % compared with the previous year.
5.2.3

What-if Simulation

We developed and tested two what-if scenarios with the initial values set as in the base case simulation.
In scenario 1, we varied the growth rate of the youngest population from -10% to 10%. In scenario 2, we
changed the growth rate of the 60+ age group from -10% to 10%.
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In scenario 1 (Figure 2), when the number of children age 0-4 increased by 10%, the EMS demand
compared with the base case increased up to 0.05%. The opposite trend, i.e., a decrease in the number of
the youngest population, lowers the EMS demand only by 0.01% compared with the base case. The fluctuations are so small that they should be ignored. We may conclude that the slight decrease in the number
of children age 0-4 will not significantly influence the estimated EMS needs. The results of scenario 2 indicate that the changes in the 60+ age group influence the total EMS demand level more strongly when
increasing and when decreasing the number of individuals in this age group. The same percentage changes in the two age groups provide stronger dynamics of demand values when the changes are applied to the
older population.

Figure 2: Simulation of WR emergency demand when decreasing and increasing population in two age
groups.
6

DISCUSSION AND CONCLUSIONS

This study identified the relationship between the number of emergency hospital visits registered for the
WR population and three exogenous variables: the total population of the WR, the percentage share of 0-4
year olds and the percentage share of elderly persons (60+). Based on this relationship, the MC simulation
model was developed to forecast the number of emergency presentations to be expected in the WR region. The results are consistent with the available empirical evidence. The sudden changes in population
demography were correctly simulated. The errors in emergency patient volume predictions reported in
other studies (up to ±11%; cf. Jones et al. 2008) indicate that the predictions are accurate and that the
combination of MC simulation and the relatively simple regression model is a reasonable approach. However, further research that would more closely link the demographic trends with regional emergency calls
is necessary. When searching for a more accurate model, larger complexity must not necessarily be considered because the input data have to be straightforwardly collected from easily accessible sources (e.g.,
CSO webpages). However, the observed differences suggest that the incorporation of exogenous variables
is important to the formulation of credible predictions. Furthermore, it might be relevant to connect the
demographic changes in the districts with the EMS demand level estimated for the entire region and each
particular district separately, which might enable NFZ planners to determine the consequences of the ongoing and observable local population changes for the hospital emergency service needs.
The major strength of the suggested approach lies in the ability to integrate data from different
sources (CSO population data and NFZ acute services data) and address ’what-if’ policy scenarios by
simulating the potential future volume of EMS visits via the observation of actual changes in population
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structure. The value of this method lies in the provision of the estimates for the ‘what-if’ scenarios related
to the prognosis of changing acute demand.
The primary limitation of the present study is the limited confidence inspired by past NFZ registries.
The ambiguous information on the emergency visits recorded during the first years after the establishment
of the NFZ may affect the credibility of the results. Furthermore, the model may only be used to forecast
the level of hospital emergency demand for the subsequent year. Long-term analyses would require more
careful and thorough identification of the predictors of emergency demand.
The application of simulation modeling to the forecasting of EMS calls originating in different geographical regions might enable the NFZ decision-makers to accurately plan future supply. The regional
health authorities may benefit from emergency demand forecast models when beginning contract negotiations and allocating healthcare expenditures in accordance with population needs. Astolfi et al. (2012)
compared 25 health expenditure forecast models developed for policy analysis in OECD countries. They
identified 7 groups of health-expenditure drivers, with demographic factors forming one group. These researchers also observed that all of the reviewed models accounted for demographic shifts in the population.
Cardoso et al. (2012) described an approach that combined an analytical model with MC simulation
to predict the annual demand for long-term care. The authors integrated the stochastic simulation model
with a scenario analysis based on a Markov cycle tree structure. The model predicted the number of individuals who would require long-term care during 2010-2015 and the volume of resources required to cover the predicted demand. The authors concluded that this type of integrated approach was a reasonable
choice and proved that such a model provides valuable information for policy planners. The problem described in this paper differs from the study reported by Cardoso et al (2012). The demand for EMS services is not constrained by the supply level because emergency services are provided without limits for
every patient who requires medical assistance. However, the credible demand predictions might enable
the NFZ decision-makers to accurately plan future supply and improve the equity of emergency health
services access in the entire region.
The main objective of the next part of our study will be to assess the volume of services to be contracted by NFZ in EDs to satisfy the next-year demand for EMS treatment at the regional level. In particular, we plan to use discrete event simulation to forecast the expected type, volume and cost of medical
procedures provided to patients in emergency departments in the WR to cover the predicted demand.
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