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probability of admission, admission and discharge wards, treatment time in the ED and hospital. Some 
distributions, e.g., the rate of patient arrivals were discretised to one-hour intervals for every day of the week. 
Other distributions depended on patients’ health conditions hence these were estimated for individual DRGs.  

With these distributions available, the model generates a triage score, a probability of admission, treatment 
time in ED, and for those admitted to hospital, admission ward for each patient based on their DRG. DRG 
codes that accounted for less than 500 cases over the full history in the data set were combined into one group, 
referred to as “other” as there would otherwise not be enough statistical power for reliable inference.  

Besides the variables presented in the data set and used as input variables for the simulation model, there were 
a number of emergent variables resulting from the simulation. For example, patients’ length of stay, boarding 
time, and ED queue size were largely determined by treatment required as well as bed availability at the time 
of arrival and admission. These variables were used to first validate the model and then as performance 
indicators while comparing different simulation scenarios. 

3. RESULTS AND DISCUSSION 

3.1. Simulation of hospitals of three sizes 

The model was run for three different hospital sizes with the following relation to Nambour hospital’s original 
size: 100% – the same size; 50% – half-size; and 200% – double size. These scenarios assumed proportional 
change in hospital capacity and arrival rates. That is, a hospital with 50% capacity of Nambour hospital had 
only 50% of typical arrival rate for any given day and time. At the same time, the proportional mix of DRGs 
remained the same for all hospital sizes.  

All scenarios were run from 20 (size 200%) to 80 (size 50%) years to ensure the total patient turnover in each 
hospital-size scenario was in excess of 2 million patients before data collection, so that the distributions of the 
measures of interest are accurately estimated.  Then all scenarios were run for 100 years of simulated time 
(equivalent to 100 repetitions of 1-year scenarios) to collect aggregated data on hospital utilisation.  

Figure 2 shows distribution of length of stay (LOS) for some popular DRGs truncated at 99% of observations. 
They are somewhat randomly picked from the most popular DRGs (see Figure 4). The black lines represent 
the LOS distribution obtained from the real data; blue, green and red lines are 100%, 50% and 200% of hospital 
size simulations respectively. A close match between the black and the blue lines indicates that the model is 

Figure 2. Length of stay (LOS) distribution for four Diagnosis Related Groups 
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adequate as the 100% – size simulation demonstrates the same overall picture as that represented by the real 
data.  Reasonably good fits between the black and the blue lines are observed for most DRGs.  

The green (50%) and the red (200%) lines in Figure 2 are also very close to the 100% – size simulation. This 
means that the change in hospital size does not affect the LOS distribution. Simplification of the model due to 
restricted data availability makes it impossible to capture any differences in LOS, which potentially could arise 
from a hospital size change. 

Moving on to the utilisation analysis (i.e. hospital occupancy), the left panel in Figure 3 reports a distribution 
of the hospital utilisation level for the above three “base” scenarios. Utilisation is defined as the number of 
occupied beds divided by total number of beds. The distribution in Figure 3 is based on hourly measurements 
of utilisation, hence can cover the full range of situations in a hospital - from no patients to no free beds.  Hourly 
utilisation data is not available from the real data, hence it is not possible to generate a black curve here for 
comparison.   

Again, on average, there is no difference between 50%, 100% and 200% – sized hospitals: mean utilisation is 
at 82% for all scenarios. This result is expected, after observing the LOS results. As the hospital sizes and 
arrival rates are being changed proportionally, and the LOS stays the same, then the average utilisation should 
also stay the same. 

The major difference in hospital utilisation between the three scenarios is the level of dispersion in the 
utilisation distribution. As the hospital size goes up, dispersion goes down. A larger hospital has the capacity 
to absorb natural fluctuation in the number of arrivals more efficiently than smaller hospitals, by temporarily 
redistributing patients to non-designated wards.  

The spike on the right-hand side of the green curve indicates that a 50%-size hospital has 100% utilisation on 
multiple occasions. That is, the hospital was often overcrowded and unable to serve new arrivals. 

The right panel in Figure 3 shows distributions of ED utilisation. The big spikes on the right-hand side of the 
density curves indicates that no one hospital is completely immune to overcrowding in the ED. However larger 
size hospitals are less likely to be overcrowded. Past academic studies report a close relationship between ED 
overcrowding and hospital occupancy (Forster et al., 2003; Harris and Sharma, 2010). Hence, it is not 
surprising that a 50%-sized hospital has a higher probability of 100% hospital utilisation, as well as experiences 
ED overcrowding more frequently. At the same time, the left-hand end of the green density curve indicates 
that ED in 50%-sized hospital has a higher probability to have zero patients as well. This is an example of 
extreme underutilisation – a highly undesirable situation from the managerial and cost perspectives. 

The largest queue sizes in ED observed during the simulations were 44, 26 and 26 patients for 50%, 100% and 
200%-size hospitals respectively. While these quantities depend on the number of simulation runs, they give 
an indication of the extreme values that can be observed. It is necessary to stress that the 200%-sized hospital 
had four times the rate of arrivals of the 50%-sized hospital, but still a smaller ED queue in absolute numbers. 

3.2. Down-sized hospitals with different DRG mixes  

Scenarios considered in 3.1 used an equal proportional change in hospital size and rate of arrivals, which might 
be considered as an unrealistic assumption. It might be possible to reduce the number of ambulances arriving 
to the hospital by 50% – extra ambulances can be diverted to other hospitals. However, self-presentations (or 

Figure 3. Total hospital utilisation and Emergency Department utilisation 
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walk-in patients) are less manageable and might keep arriving at the same or a slightly lower rate, despite the 
hospital downsizing.  

Hence it would be useful to consider scenarios where the 50%-sized hospital receives a “biased” reduction in 
arrivals. An alternative scenario tested was a 25% reduction in walk-in patients and a 67% reduction in 
ambulance arrivals. Weights were selected in such a way that the total number of patients stayed the same. 

Figure 4 demonstrates a difference in the mix of DRGs between the 50%-sized hospital (“proportional”) with 
a proportional reduction for arrival rate and a “biased” 50%-sized hospital. Despite the same total number of 
arrivals, the mix of DRGs is now different. DRGs related to patients predominantly delivered by ambulances 
have lower representations, while other DRGs are overrepresented. As a result, these two hospitals of equal 
sizes would operate in very different environments. This change, understandably, leads to a change in all 
performance indicators. Figure 5 presents distributions of the total hospital utilisation and the ED utilisation 
for both 50%-sized hospitals – with “proportional” and “biased” reduction in arrival rates/type respectively.  

The total hospital utilisation appears much lower in the case of “biased” arrival reduction – on average, only 
69%, compared to 82% for the proportional reduction. In general, the walk-in patients have a lower probability 
to be admitted to the hospital, compared to the ambulance arrivals; hence the overall hospital population is 
lower, even with the same total number of arrivals.  

ED utilisation levels, on the other hand, appear to be quite similar between the two cases on average – 58% for 
“proportional”, and 61% for “biased”. However, the ED in the hospital with “biased” arrivals has a higher 
probability to be overcrowded, as the distribution of walk-in arrivals has much greater variability than 
distribution of ambulance arrivals. Therefore, an ED reduced to 50% could not properly function on multiple 
occasions despite a much lower total hospital occupancy. This means that, in addition to the link between the 

Figure 4. Change in the mix of DRGs for proportional and non-proportional reduction in arrival types. 

Figure 5. Total hospital utilisation and Emergency Department utilisation for proportional  
and biased reduction in arrival rates. 
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ED efficiency and the total hospital occupancy established in the prior literature and confirmed by this study, 
there are other key factors affecting ED performance, such as a type of arrivals (ambulance vs. self-
presentation) and the DRG mix. 

4. CONCLUSIONS 

Computer simulation is a useful tool for modelling complex system behaviours. This study offered a number 
of novel insights into the relationship between a hospital size and the key performance indicators, including 
the length of stay and bed utilization. 

Our simulations show no change in the averages for the total hospital and ED utilisations as the hospital size 
changes. However, there was a substantial change in the variability of the outcome measures. Smaller size 
hospitals exhibited a greater dispersion in the distributions of utilisation and thus would have a much higher 
propensity for being either overcrowded or under-utilised – both undesirable outcomes. 

While it is not possible to categorically conclude that the larger size hospital is more efficient, it is clear that 
smaller hospitals are at much higher risk. That risk is defined by the higher probability to be overcrowded, 
which could result in inability to service newly arrived patients and/or provide adequate level of treatment. 

Changing the proportion of ambulance and walk-in patients affects the DRG mix of patients presenting at the 
hospital; this, in turn, changes the overall LOS, the total hospital occupancy and the ED utilisation. The 
simulated scenario with non-proportional change in arrival rates can be thought of as a new and very different 
hospital environment. This result highlights the importance of the DRG mix for hospital planning. Different 
DRG mixes will require different facilities and hospital sizes, even for the same expected arrival rates and/or 
population served. 

A major limitation of the current model is its inability to investigate the possible efficiency-limiting factors 
that can be logically anticipated with increasing facility size.  These are: increased structural complexity, 
greater educational/training/research burden, slower internal referral and communication pathways, 
exponentially increasing complexity of interaction as the number of structural sub-units increases, etc.   

Further research might focus on developing a variant of the HESMAD model with additional modules and 
factors. This in turn will enable the impact of more variables in the hospital environment to be evaluated, and 
provide greater insights for healthcare service managers to deal with complex problems occurring in hospital. 
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