
Virtual Evaluation of a Hospital Congestion
Prevention Method
Wanxin Hou  (  houwanxin0403@hotmail.com )

Nantong University https://orcid.org/0000-0002-1371-7620
Shaowen Qin 

Flinders University
Campbell Henry Thompson 

The University of Adelaide

Research

Keywords: Hospital congestion, Simulation model, Virtual implementation, De-congestion interventions,
Management decision

Posted Date: September 13th, 2021

DOI: https://doi.org/10.21203/rs.3.rs-860642/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-860642/v1
mailto:houwanxin0403@hotmail.com
https://orcid.org/0000-0002-1371-7620
https://doi.org/10.21203/rs.3.rs-860642/v1
https://creativecommons.org/licenses/by/4.0/


1 

Virtual evaluation of a hospital congestion prevention method 1 

Wanxin Houa*, Shaowen Qinb, Campbell Henry Thompsonc 2 

a Research Centre for Intelligent Information Technology, Nantong University, Jiangsu, 226019, China. 3 

Email: houwanxin0403@hotmail.com  * Corresponding author 4 

b College of Science and Engineering, Flinders University, South Australia, 5001, Australia. 5 

Email: shaowen.qin@flinders.edu.au 6 

c School of Medicine, University of Adelaide, South Australia, 5000, Australia. 7 

Email: campbell.thompson@adelaide.edu.au 8 

Abstract 9 

Background: Hospital congestion is a common problem for the healthcare sector. Numerous 10 

studies explored reasons for crowding within some parts of the hospital. However, to deal with 11 

more general, hospital-wide problems, examining the hospital as a connected whole is 12 

necessary. The purpose of this study was to evaluate de-congestion interventions through a 13 

whole hospital simulation model and offer objective reasoning to support hospital management 14 

decisions. 15 

Method: This study tested a congestion prevention method that estimates the current day’s 16 

hospital congestion risk level R at a set time every morning, and activates minimum 17 

intervention when R is above certain threshold R(C), using a virtual hospital created by 18 

simulation modelling. The color-coding system was adopted to demonstrate the impact and the 19 

extent of effectiveness of this method in preventing hospital congestions. 20 

Results: The results indicated that adding 8 flex beds to the medical department resulted in 21 

more reductions (70.93%) of red-days comparing with the surgical ward (37.15%). Red days 22 

reduction per affected patient when discharging two medical patients was 0.1 which was higher 23 

than when discharging two surgical (0.04) or two long-stay patients (0.07). Also, the efficiency 24 
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of red days reduction per affected patient is always greater if removing 2 patients than if 25 

discharging more patients.  26 

Conclusions: The expected outcome based on theoretical prediction of this method was 27 

confirmed, that is, applying a less disruptive intervention is often enough, and more cost 28 

effective, to reduce the risk level of hospital congestion. Making a small number of extra beds 29 

available was a superior solution compared to discharging approaches to reduce crowding in 30 

hospitals. In addition, the virtual implementation approach enabled testing of the method at a 31 

more detailed level, thereby revealed some interesting findings difficult to achieve theoretically, 32 

such as discharging extra two medical inpatients, rather than surgical inpatients, a day earlier 33 

on days when R>R(C), would bring more benefits in terms of congestion reduction for the 34 

hospital. 35 

Key words: Hospital congestion, Simulation model, Virtual implementation, De-congestion 36 

interventions, Management decision 37 

Contribution to the literature 38 

 This research tested a congestion prevention method involving potential interventions 39 

within a virtual complex system and offered objective reasoning to support hospital 40 

management decisions. 41 

 For each intervention the simulation results demonstrated not only its effectiveness in 42 

preventing hospital congestion but also the extent of impact upon patients. 43 

 The expected outcome based on theoretical prediction of this method was confirmed, that 44 

is, applying a less disruptive intervention is often enough, and more cost effective, to 45 

reduce the risk level of hospital congestion. 46 



3 

1. Background 47 

The shortage of public hospital resources in Australia is becoming a major concern in this 48 

modern era due to increasing patient demands. More hospital congestion episodes accompanied 49 

by longer waiting times and queueing length in the Emergency Department (ED) have been 50 

associated with a greater risk of hospital-acquired infections, public complaints and, possibly, 51 

negative impacts on hospital staff mental health [1,2]. These adverse outcomes could get worse 52 

hence there is an urgent need to find effective ways to reduce overcrowding and congestion in 53 

our hospitals.  54 

Recent studies have sought solutions from various perspectives and with various approaches. 55 

A considerable amount of attention has been directed to explore reasons for crowding within 56 

some parts of the hospital, particularly the ED, aiming to reduce access block through 57 

improving ED performance [4-8]. Each of these studies has successfully improved congestion 58 

problems for the hospitals concerned. However, to deal with more general, hospital-wide 59 

problems, instead of focusing on a particular department, examining the hospital as a connected 60 

whole is necessary. This is because a hospital is a complex system and composed of different 61 

parts that involve diverse factors and stochastic processes. The complicated interactions among 62 

these parts must be taken into consideration.   63 

In terms of methodology, there have been many studies attempting to identify reasons for 64 

hospital congestion and improve the efficiency of hospital operation using analytical 65 

approaches. Two examples of these approaches are regression modelling and time-series 66 

modelling [9-10]. Undoubtedly, it is quite challenging for researchers to model a whole hospital 67 

only through analytical methods, due to its structural and behavioral complexities [11]. Thus, 68 
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when it comes to predicting the dynamic behaviour of a hospital and estimating the short- and 69 

long-term effects of potential interventions, numerical analysis-based methods often involve 70 

complicated concepts and algorithms that are not interpretable by healthcare professionals.  71 

Computer simulation has been adopted by some researchers because it shows unprecedented 72 

advantages for tackling the complex problems of the health-care sector. Its flexibility and ability 73 

allow researchers to handle the variability, uncertainty, and complexity of a dynamic system 74 

[12]. Simulation is particularly useful when problems involve stochastic processes. It is also an 75 

ideal tool to examine system-wide consequences of changes in one or more areas of the hospital 76 

in a risk-free environment. Hence, a virtual hospital is deemed to be the best environment to 77 

test potential improvement strategies, methods and tools through what-if analysis, which also 78 

leads to more comprehensive and in-depth insights than what can be achieved with analytical 79 

methods [13]. 80 

This paper introduces a case study using a simulation model named HESMAD (Hospital Event 81 

Simulation Model: Arrivals to Discharge) [13] developed to represent an end-to-end patient 82 

flow process of a typical large Australian public hospital. Through virtual implementation of 83 

the congestion prevention method and monitor its impact using the simulation model, this study 84 

demonstrates, with highly detailed simulation results, the effectiveness of both the prevention 85 

method and the virtual implementation approach. In the rest of this paper, section 2 mainly 86 

introduces the methods. Section 2.1 describes the congestion prevention method. Section 2.2 87 

introduces the HESMAD model which can be regarded as a virtual hospital for investigating 88 

decongestion interventions. In section 2.3, the congestion prevention method was virtually 89 

implemented in the simulation model to investigate its impact with different patient flow 90 
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scenarios. Section 3 exhibits the simulation results so that the solutions can be compared and 91 

considered for real-world disposition. Discussions and conclusions are presented in section 4 92 

and 5. 93 

2. Methods 94 

2.1 A hospital congestion prevention Method 95 

This section introduces a research-based congestion prevention method based on a concept 96 

named “hospital’s instability wedges” [3]. The concept demonstrates, theoretically, that the risk 97 

of patient flow congestion can be calculated on a daily basis and prevention can be achieved by 98 

activating interventions that involve very small number of patients when the risk level is 99 

deemed high. This leads to a potentially effective method for real-time congestion prevention.  100 

The typical scenario in a hospital is that, on a daily basis, patients arrive at the ED. Some 101 

patients are discharged from the ED and some admitted. Hospital-wide, inpatients are 102 

discharged after a period of stay, and a variable number of planned or elective admissions occur.  103 

These processes compete for limited resources and congestion episodes occur when bottle 104 

necks appear. The method first estimates the risk of congestion R at a set time every morning, 105 

using the current hospital occupancy and predicted patients’ admission and discharge numbers 106 

based on the day-by-day variation patterns derived from the hospital’s history data, and 107 

activates minimum intervention when R is above certain threshold R(C). Specifically, the 108 

method allows us to calculate the risk that the current day’s midnight occupancy (Mt) exceeds 109 

a specified threshold, denoted by C. The threshold C was set as the hospital’s normal bed 110 

capacity in this study. The probability of such exceedance R(C) was calculated by the following 111 

equation: 112 
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 𝑅(𝐶) ≈ 𝑃(𝑀𝑡 > 𝐶)                                                      (1) 113 

In order apply this approach to control the risk of hospital congestion, this formulation has been 114 

refined to become more implementable and controllable for decision-makers. The following 115 

equation was considered at the beginning: 116 

𝑀𝑡 = 𝜂𝑡𝑁𝑡 +  𝐸𝑡(1 − 𝜔𝑡) + 𝑀𝑡−1(1 − 𝑣𝑡)                                     (2) 117 

Where Nt indicates the new arrivals at the hospital ED on the day. Et is defined as the elective 118 

patients scheduled to stay in the hospital at least one night. Mt-1 is the midnight occupancy of 119 

the previous day. 𝜂𝑡 ∈ (0, 1], 𝜔𝑡 ∈ (0, 1], 𝑣𝑡 ∈ (0,1]  denotes the admission rate of the new 120 

arrivals, cancelled elective patients and inpatients discharged, respectively. 121 

The following task is to investigate the dependence of the congestion risk R(C) on 122 

𝜂𝑡 , 𝜔𝑡  and 𝑣𝑡 which are treated as control parameters. Due to the fact that Nt is the only random 123 

variable on the right-hand side of equation 2, the equation 1 was refined as follows: 124 

𝑅(𝐶) = 𝑃(𝑀𝑡 > 𝐶)  125 

             = 𝑃 (𝑁𝑡 > [𝐶 − 𝑀𝑡−1(1 − 𝜈𝑡) − 𝐸𝑡(1 − 𝜔𝑡)] 1𝜂𝑡 )                                   (3) 126 

As a result, R(C) became the simplified notation R(C, 𝜂𝑡 , 𝜔𝑡, 𝑣𝑡)  which is composed of the 127 

control parameters. Since Nt is random, the negative binomial distribution and the normal 128 

distribution were employed to fit the histogram exhibited in Figure 1.   129 
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 130 

Figure 1 Histogram of Nt and two matched distributions. Source: Ben-Tovim et al [3]. 131 

Equation 3 can be refined again based on the simple restriction 𝜔𝑡 = 0: 132 𝑅(𝐶) = 𝑟(𝐶, 𝜂𝑡  , 0, 𝜈𝑡 ) = 𝑃(𝑁𝑡 > 𝑥𝑡) = 1 − Φ(𝑥𝑡;  𝜇𝑡, 𝜎𝑡2)              (4) 133 

where 𝑥𝑡: = [𝐶 − 𝑀𝑡−1(1 − 𝜈𝑡) − 𝐸𝑡]/ 𝜂𝑡, 𝜇𝑡  and 𝜎𝑡2  are the mean and variance of the 134 

population of arrivals in the ED on the selected day of the week and  Φ(𝑥; 𝜇, 𝜎2) denotes the 135 

probability distribution function of the normally distributed random variable 𝑋  ̴ 𝑁(𝜇, 𝜎2). 136 

Consequently, R(C) can be easily calculated based on the equation above. 137 

The bright spot of this method is that it allows decision-makers to change the control parameters 138 

to prevent hospital congestion when the congestion risk R(C) is high.  That is to say, if we adjust 139 

the threshold C or the rate of admitted 𝜂𝑡  or discharged patients 𝑣𝑡 , R(C) will be changed 140 

accordingly.  141 

Figure 2 illustrates the R(C) change of an example with different admission and discharge rates 142 

(Mt-1 = 595, Et = 28, C = 600). The horizontal and vertical axes represent admission rates 𝜂𝑡 ∈143 

(0, 1] and discharge rates 𝑣𝑡 ∈ (0,1] respectively. The solid green indicates low risk values and 144 

the red area indicates high risk values. The thin wedge named “hospital instability wedge” is 145 

indicated by the colors changing from solid red to green [3]. In Figure 2, it has been found that 146 
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the thinner the wedge, the more sensitive is the risk R(C) changing from red to green. 147 

Theoretically, smaller changes in the numbers of admitted or discharged patients exhibit more 148 

effective and sensitive impacts on R(C) which indicates the probability of hospital congestion 149 

occurrences because of the relative thinness of the wedge. 150 

151 

Figure 2 The change of R(C) with different admission and discharge rates 152 

We assumed that hospital managers check the congestion risk using this method in the morning 153 

and start to plan for the day. If the risk rate is extraordinarily high in the morning, the probability 154 

of congestion occurrence might also be high during the day. Therefore, managers will plan to 155 

make an adjustment to the number of admissions or to discharge a few patients to weaken this 156 

discordant possibility. Relying on the above method using historical patient flow data allows us 157 

to understand the change of congestion probability R(C) when interventions are adopted. 158 

However, it is impossible to demonstrate the expected, but more intuitive and quantitative, 159 

impacts on congestion episodes by the method. Moreover, when managers attempt to 160 

manipulate different numbers of patients for congestion prevention, other issues might emerge 161 
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including the type of patients or department that should be the focus for the intervention(s). In 162 

other words, from a managerial perspective, the type of patients affected by an intervention can 163 

impact on de-congestion effectiveness. Smaller adjustments affecting several different types of 164 

patients may be more effective and sensitive in reducing congestion risk. To address these 165 

issues, simulation modelling carries an advantage due to the fact that it provides a risk-free 166 

platform to help stakeholders access changes in operations, managerial policies and examine 167 

different alternatives. Through implementing the method and designing more specific 168 

indicators for hospital congestion based on the HESMAD simulation model, the impacts of 169 

interventions on congestion prevention were investigated explicitly and in depth.  170 

2.2 Hospital Simulation Model 171 

This study was based upon work-flows through a large Australian metropolitan hospital 172 

previously re-designed to improve efficiency and the quality of patient care by using Lean 173 

Thinking [3,15,16]. Aiming to provide a safer and more accessible service is not a simple task 174 

for the healthcare system because hospitals are complex and dynamic. To achieve hospital 175 

service improvement, a comprehensive modeling of this complex system was undertaken in 176 

order to imitate the dynamic behaviours necessary for, and consequent to, each theoretical 177 

intervention.  178 

We have developed Hospital Event Simulation Model: Arrivals to Discharge (HESMAD) to 179 

explore the dynamics of patient flows for this hospital [13]. Undoubtedly, constructing the 180 

model at a macro level allows researchers to investigate stochastic processes and further design 181 

interventions for dealing with congestion issues.  182 
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 183 

Figure 3 Overview of the HESMAD structure. Source: Ben-Tovim et al [13]. 184 

Figure 3 shows the structure of HESMAD. The model was constructed to simulate behaviours 185 

of the hospital as realistically as possible. It contains several components representing 186 

emergency admissions, elective admissions, inpatients and discharge.  187 

Different types of patients go through physical units which were represented as modules in the 188 

model. All processes, interactions and behaviours between patients and the hospital were 189 

included in each module to imitate patient journeys.  190 

The linked modules catch patient pathways when they go through the physical units in the 191 

hospital as described in Table 1. The process begins when all patients except electives arrive in 192 

the ED. A triage score is assigned to indicate the severity of patient condition and to decide 193 

treatment stream and queuing priority. Some patients are discharged when they finish ED 194 

treatment. Other patients are admitted into the hospital inpatient units. In the inpatient 195 

departments, 330 base beds and 8 flex beds were modeled in the simulation model. Patients are 196 

placed in a queue when beds are not available in relevant treatment areas. Probability 197 

distributions obtained from historical data were used to reflect patient state and their LOS in 198 
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different areas of the hospital. The final process of discharging patients involves releasing 199 

resources. Monitoring different indicators such as the number of beds occupied allows one to 200 

evaluate hospital congestion and investigate the potential influence of strategical interventions 201 

on hospital overcrowding.  202 

2.3 Simulation-based evaluation 203 

 204 

Figure 4 Process of the simulation-based evaluation 205 

In order to clarify the decongestion effects of different strategies more thoroughly, the 206 

intervention ideas from the method were transcribed into scenarios for investigating in the 207 

simulation model. Furthermore, a color-coding system was also adopted for each scenario 208 

evaluation before, during and after hospital overcrowding.   209 

The process of this simulation-based evaluation is illustrated in Figure 4. We assumed that 210 

hospital managers check the congestion risk using the method in the morning and start to plan 211 

for the day. When R(C) exceeded 0.85, managers could add beds or cancel operations on a few 212 

patients for that particular day. In the simulation platform, the same process was realized. The 213 

model calculates R(C) in 8:00 am every day. If R(C)>0.85, the intervention is executed for that 214 

day. All parameters used for R(C) calculation are generated by the simulation model on a daily 215 

basis.  216 

2.3.1 Threshold scenarios 217 

The threshold was defined as the hospital capacity in the risk prevention method in this study. 218 
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In this large tertiary hospital, there are 330 base beds including 170 medical beds, 130 surgical 219 

beds and 30 AMU beds in separate inpatient departments. 8 flex beds can be arranged when the 220 

hospital is nearing exhaustion of its finite capacity. Using the congestion risk prediction method, 221 

the impacts on congestion prevention of using flex beds to change the threshold number 222 

(Scenario 1-4) were estimated by the HESMAD model. Furthermore, the department to which 223 

the flex beds are added (scenario 5, 6) can influence decongestion efficiency (Table 2).  224 

2.3.2 Discharge scenarios 225 

Discharging patients was considered as a way to reduce the risk of hospital crowding. In the 226 

simulation platform, this intervention was transcribed into different scenarios to test its effects 227 

on hospital congestion. However, the type of patients more likely to impact on congestion could 228 

be an issue and smaller adjustments for different types of patients may be more effective and 229 

sensitive in congestion prevention. To address these issues, an intervention that only 230 

implements discharge operations through the tool is not sufficient. Therefore, interventions on 231 

different types of patients were executed by the simulation model on a daily basis but only when 232 

the congestion risk rate reaches or exceeds 0.85 (Scenario 10-21) at 8 am each day (Table 3). 233 

From an ethical aspect, those patients who have recently started treatment are not considered 234 

for discharge. The model only discharged patients who have 1 day left of their hospital stay. 235 

The simulation model generates patients who were assigned all information including Length 236 

of stay and personal information related to the whole treatment process, therefore, discharging 237 

patients 1 day earlier is easily realized. Since this study concentrates on the congestion 238 

prevention of differing inpatient departments, the model was adjusted for inpatients including 239 

medical, surgical and long stay patients (Table 4) by relevant transcription into the scenarios in 240 
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the model. 241 

A color-coding system, similar to traffic signals used by SA Health to trace hospital 242 

overcrowding status, was adopted into the HESMAD on a daily basis [16].  243 

 Green day means that the hospital has at least 10% of total inpatient beds available. 244 

 Amber day means that the hospital has between 3% and 10% of total inpatient beds 245 

available. 246 

 Red day means that the hospital has less than 3% of total inpatient beds available. 247 

The accumulated numbers of green, amber and red days were collected finally to indicate the 248 

congestion situation. Also, the midnight hospital occupancy, R(C), and the number of patients 249 

affected by each intervention were recorded every day for each simulation-based evaluation. 250 

Each simulation run for 2 years. Results of the second year were collected for analysis to 251 

minimize the effect of the ‘warm-up’ period of the first year. In addition, each scenario was 252 

replicated 20 times under the same conditions to obtain an average behaviour that would allow 253 

meaningful comparison of the results from different intervention scenarios. Minimizing the 254 

number of red days was the goal for the different interventions. The reduction in the number of 255 

red days per affected patient was also calculated to estimate the efficiency of each scenario 256 

whereby the efficacy of each intervention is related to its disruption to patient care. The result 257 

comparisons are exhibited in Table 5. 258 

3. Results 259 

The base case scenario in Table 5 is the baseline for the result comparisons of different 260 

interventions. The results of Scenario 1-6 indicated that the occupancy increased slightly when 261 

the total bed capacity increased. The number of red days decreased from 79.95 to 53.1 when 2 262 
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flex beds were added to inpatient departments (scenario 1) compared to base case scenario. The 263 

more flex beds were added, the greater the reduction in red days. Especially when 8 flex beds 264 

added (scenario 4), the number of red days decreased to 37.3. By contrast, the number of green 265 

days changed from 33.45 to 107.35 days when elevated threshold interventions were executed 266 

(scenario 1-4). The number of amber days decreased accordingly while implementing scenario 267 

1-4. This was a non-linear decrement because the number amber days of scenario 3 was 240 268 

which increased slightly compared to scenario 2. Adding 8 flex beds to the medical department 269 

(scenario 5) resulted in a 70.93 % reduction of red-days comparing with the base-case scenario 270 

(scenario 0). However, adding 8 beds to the surgical ward (scenario 6) only achieved a 37.15% 271 

reduction in red days. 272 

Scenario 7-10 focused on the effects on hospital congestion over a one-year period of earlier 273 

discharges of different numbers of inpatients. According to Table 5, the midnight occupancy 274 

decreased from 311.8 to 308.57 while discharging 2-8 inpatients. Discharging 2 inpatients 275 

(scenario 7) when R(C) exceeds 0.85 resulted in a 15.63% decrease in red days compared to 276 

base-case scenario (scenario 0). Discharging 4 (scenario 8) inpatients is able to reduce red days 277 

by approximately 20.7% from 79.95 to 63.4. Discharging more inpatients generated 24.08% 278 

and 31.52% of red-days reduction respectively in scenario 9 and 10. Differing from threshold 279 

scenarios, the amber days increased from 250.6 to 260.8 when 2-8 inpatients were discharged 280 

(scenario 7- scenario 10). These scenarios also offered increases of 31%, 35%, 41% and 45% 281 

in green days respectively. 282 

The midnight occupancy decreased from 311.8 to 304.45 while executing scenarios 11-14.  283 

Discharging medical patients produced greater levels of red-days reduction compared to other 284 
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discharging scenarios. Removing 2 medical patients when R(C) exceeds 0.85 led to a 34.7% 285 

reduction in red days (scenario 1). Particularly discharging 8 medical patients generated a 48.66% 286 

reduction in red days. Amber days increased 6.46%, 9.18%, 9.72% and 8.54% respectively 287 

when 2-8 medical patients were discharged. Discharging medical patients also achieved a green 288 

days increase from 33.45 to 97. 289 

For surgical patients, these discharging interventions maximally reduced red days by 21.01% 290 

(scenario 18). Removing 2-8 surgical patients (scenario 15-18) can boost the number of green-291 

days from 38.5 to 54.2 days compared to 33.45 in the base case scenario, but these particular 292 

interventions had only a limited impact on the number of amber days. The midnight occupancy 293 

was decreased from 311.8 to 309.41. 294 

Removing 2 and 4 long stay patients when R(C) exceeds 0.85 resulted in 11.94% and 19.82% 295 

reductions of red days. The number of amber days slightly increased. Also, the number of green 296 

days increased 23% and 36% respectively when 2 and 4 patients were discharged. These two 297 

scenarios demonstrated the limited impacts of these interventions on midnight occupancy 298 

(311.8 to 310.19). 299 

Red days reduction per affected patient was also calculated to evaluate the efficiency of each 300 

scenario in Table 4. Red days reduction per affected patient when discharging two medical 301 

patients was 0.1 which was higher than when discharging two surgical (0.04) or two long-stay 302 

patients (0.07). This suggests that a discharge strategy is more effective and less disruptive if 303 

medical patients are discharged. The other discovery was that for all discharging scenarios, the 304 

efficiency of red days reduction per affected patient is always greater if removing 2 patients 305 

than if discharging more patients.  306 
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4.  Discussion 307 

This study embedded the congestion prevention method in the simulation model to investigate 308 

the potential impacts of different approaches on hospital overcrowding. It also demonstrates 309 

that piloting interventions in a virtual environment allows us to further understand major 310 

influences on hospital congestion. It is a fact that the congestion risk calculation method is able 311 

to predict the probability of congestion occurrence. However, using the simulation model 312 

allows us to test the impacts of a variety of interventions in depth and to safely compare the 313 

cumulated effects of different approaches.  314 

This study adopted a colour-coding system which is similar to traffic signals to describe the 315 

status of hospital overcrowding and used it for results comparison of different scenarios. It is 316 

demonstrated that the number of red-days declined significantly when flex beds were added to 317 

inpatient departments. Also, threshold scenarios were more effective for red day reductions than 318 

discharging scenarios. For instance, compared to 54.75 red days occurring per annum after 319 

discharging 8 patients in response to every day of high congestion risk, the number of red days 320 

occurring per annum was much lower (37.2) if the intervention was adding 4 beds to each of 321 

the medical and surgical inpatient departments. In a nutshell, adding beds is preferable to 322 

discharging patients. We considered that an additional bed facilitates patient flow. In other 323 

words, adding a bed might benefit a considerable number of patients during a period of hospital 324 

congestion. However, discharging patients seems to have fewer effects because it only involves 325 

a small number of discharged patients and hence might only slightly influence hospital 326 

overcrowding.  Another interesting discovery is that adding 4 beds and 6 beds have very similar 327 

effects on red-days reductions. One possibility is that some patients waiting in the queue are 328 
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admitted to these additional beds which sustains the occupancy, consequently, the red-days gap 329 

between adding 4 beds (scenario 2) and 6 beds (scenario 3) is not obvious. Further increasing 330 

flex beds above six leads to more reductions of red-days compare to scenario 2 and 3.  331 

Adding beds especially in the medical department brings more expected benefits in respect of 332 

congestion reduction for the hospital. Also, discharging medical patients rather than surgical 333 

patients brings benefits in respect of congestion prevention and leads to impressive red-days 334 

reduction and elevations in the numbers of green-days. To seek to understand this phenomenon, 335 

by tracing the historical data in Table 6, it has been found that there were 21773 medical patients 336 

receiving treatment in the medical department for one year which accounted for the total 337 

numbers of 46.3% of the total number of patients attending this hospital. Surgical patients 338 

numbered 13630, or 29% of the total. There are 17.3% more medical patients than surgical 339 

patients. In addition, LOS distributions of medical and surgical patients are demonstrated in 340 

Figure 5. The horizontal axis shows the LOS of inpatients. The vertical axis presents the 341 

proportion of patients with different LOS. There are about 94% of medical patients and 97% of 342 

surgical patients whose LOS are less than 21 days. The proportion of medical patients whose 343 

LOS exceeds 21 days is higher than that of surgical patients. The total period of time where 344 

hospital beds are occupied by medical patients for one year is longer than surgical patients. 345 

Consequently, we believe that medical patients contribute to hospital congestion more 346 

significantly than other types of patients. When interventions are implemented for medical 347 

patients and medical departments, the effect on red days reduction is more obvious. 348 
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 349 

Figure 5 LOS Distribution of Inpatients 350 

In this study, the cumulated numbers of red days, amber days and green days for each one-year 351 

simulation period were recorded based on the colour-coding system. A reduction in the number 352 

of red days is the common goal of all interventions. However, for the change of amber days and 353 

green days, we still need to discuss further. In the face of a reduction in red days, there are three 354 

patterns of change possible for the number of amber and green days (Table 7). If, when red days 355 

decrease, an intervention can lead to amber days decreasing and green days increasing, this 356 

suggests decongestion is occurring. But this might be construed as inefficient in terms of a 357 

resourcing perspective. From the utilization efficiency point of view, the preferable operating 358 

pattern of the hospital is that resources are utilized as much as possible while patients can still 359 

flow smoothly. That is to say, a more desired consequence of decongestion or red day reduction 360 

is an increase in the numbers of both amber days and green days, such as pattern 2 in Table 7. 361 

It has been seen that amber days increase, but green days decrease in pattern 3 in Table 7. In 362 

this case, decision-makers should consider some parameters such as queue length of patients 363 

waiting for the treatment and midnight occupancy to confirm patients still flow smoothly. 364 

Otherwise, this latter pattern of intervention has a limited effect on hospital overcrowding.  365 
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Discharging inpatients (scenario 7-10) especially discharging 2 surgical patients (scenario 15) 366 

and long-stay patients (scenario 19-20) will slightly increase amber days which belongs to 367 

pattern 2 in Table 7. From the utilization efficiency perspective, those interventions are 368 

preferred to an intervention such as scenario 16.  369 

We also calculated the ratio of the reduction in red days expressed relative to the number of 370 

patients affected by each intervention and we called this the efficiency of each scenario. We 371 

discovered that for different types of patients, red days reduction per affected patient when 372 

removing fewer patients is always more favourable than when discharging more patients. This 373 

finding confirmed “the hospital instability wedge” phenomenon which demonstrates that a less 374 

disruptive intervention applied may be a more cost-effective way to address congestion risk. 375 

At the beginning, random discharging interventions were designed to validate the simulation 376 

model [13,16]. Therefore, discharging patients occurred throughout the whole simulation 377 

period. Also, patients might unrealistically be discharged when they had only recently been 378 

admitted. Thus, the midnight occupancy would drop significantly in those other studies unlike 379 

the present study. In the present study, the congestion prevention method was adopted to 380 

calculate R(C) which provides the condition to execute a range of interventions. The value of 381 

0.85 was selected as the threshold for scenarios execution. However, scenarios were also tested 382 

for different R(C) values. For example, Table 8 exhibits the results of executing scenario 11 383 

when R(C)>0.75, 0.85 and 0.95. The total number of days that R(C)>0.75, 0.85 and 0.95 also 384 

influences the total numbers of patients discharged during the simulation period. Red day 385 

reduction per discharge was calculated as red days reduction compared to base case scenario 386 

divided by total numbers of patients discharged. According to the result in Table 8, red day 387 
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reduction per discharge of scenario 11 is 0.2 which is higher than scenario 11-1 and 11-2. That 388 

is to say, selecting R(C) > 0.85 for the condition maximises occupancy benefits for the least 389 

disruption to patient care.  390 

It must be recognized that a large amount of effort was made in HESMAD validation [13]. Also, 391 

while some approaches can be easily achieved by the simulation model, similar approaches 392 

would be challenging in the real world. For example, we can discharge patients early because 393 

we know each patient’s LOS in the simulation model, but we do not know their LOS in the real 394 

world. However, it is important to keep in mind that the simulation study does not attempt to 395 

propose exact mechanisms for hospitals. Rather, the simulation results demonstrate where 396 

greater attention should be paid when addressing patient flow congestions within a hospital if 397 

improvements are desired. In addition, due to the fact that the risk-free platform of simulation 398 

model allows us to “repeat history” easily in the virtual environment or estimate what-if 399 

assumptions, hence, it is an outstanding tool to support healthcare management decision making.   400 

5. Conclusion 401 

In conclusion, compared to analytical methods, this simulation model exhibits unsurmountable 402 

advantages for understanding the possible effects of system change. The risk-free platform of 403 

simulation model allows us to do pre-implementation evaluations, hence, it is an outstanding 404 

tool to support hospital management decisions. This study tested the congestion prevention 405 

method in the simulation model to investigate the potential impacts of different approaches on 406 

hospital overcrowding. The expected outcome based on theoretical prediction of this method 407 

was confirmed, that is, applying a less disruptive intervention is often enough, and more cost 408 

effective, to reduce the risk level of hospital congestion. Making a small number of extra beds 409 
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available was a superior solution compared to discharging approaches to reduce crowding in 410 

hospitals. In addition, the virtual implementation approach enabled testing of the method at a 411 

more detailed level, thereby revealed some interesting findings difficult to achieve theoretically, 412 

such as discharging extra two medical inpatients, rather than surgical inpatients, a day earlier 413 

on days when R>R(C), would bring more benefits in terms of congestion reduction for the 414 

hospital. 415 

Availability of data and materials 416 

The patient flow data used for developing the HESMAD model were obtained with approval 417 

by the Ethics Committee, SA Health Office for the Research Study ‘Congestion recovery and 418 

optimisation of patient flows’ (Application number 475.13). These data were used under license 419 

for the current study, and so are not publicly available. 420 

Abbreviation 421 

ED: Emergency Department 422 

HESMAD: Hospital Event Simulation Model: Arrivals to Discharge 423 

References 424 

1. Virtanen M, Pentti J, Vahtera J, Ferrie JE, Stansfeld SA, Helenius H, Elovainio M, 425 

Honkonen T, Terho K, Okasanen T, Kivimaki M. Overcrowding in hospital Ward as a 426 

predictor of Antidepressant Treatment among Hospital Staff. The American journal of 427 

psychiatry. 2008; 165:1482-1486. 428 

2. Sprivulis, P. C, Silva JD, Jacobs LG, Frazer AL, Jelinek GA. The association between 429 

hospital overcrowding and mortality among patients admitted via Wester Australian 430 

emergency departments. Medical Journal of Australia. 2006; 184(5): 208-212. 431 



22 

3. Ben-Tovim D, Bogomolov T, Filar J, Hakendorf P, Qin S, Thompson C. Hospital’s 432 

instability wedges. Health Systems. 2018; 28:1–10. 433 

4. Erenler AK, Akbulut S, Guzel M, Cetinkaya H, Karaca A, Turkoz B, Baydin A. Reasons 434 

for Overcrowding in the Emergency Department: Experiences and Suggestions of an 435 

Education and Research Hospital. Turkish Journal of Emergency Medicine. 2014; 14(2): 436 

59-63. 437 

5. Wang Z, Xiong X, Wang S, Yan J, Springer M, Dellinger RP. Causes of Emergency 438 

Department Overcrowding and Blockage of Access to Critical Services in Beijing: A 2-439 

Year Study. The Journal of Emergency Medicine. 2018; 54: 665-673. 440 

6. Acuna JA, Zayas-Castro JL, Charkhgard H. Ambulance allocation optimization model for 441 

the overcrowding problem in US emergency departments: A case study in Florida. Socio-442 

Economic Planning Sciences. 2020; 71: 100747. 443 

7. Jr GW, Joshi N, Callagy P, Stone J, Brown L, Shen S. Introduction of a Horizontal and 444 

Vertical Split Flow Model of Emergency Department Patients as a Response to 445 

Overcrowding. 2018. Journal of Emergency Nursing. 2018; 44(4): 345-352. 446 

8. McKinley KW, Perotte R, Nye M,  Kwok MY, Bregstein JS,  Fenster DB, 447 

Sonnett FM, Kessler DO. 130 The National Emergency Department Overcrowding 448 

Scale and Perceived Staff Workload: Evidence for Construct Validity in a Pediatric Setting. 449 

Annals of Emergency Medicine. 2019; 74(4): S52-S53. 450 

9. Guelfucci F., Aballea S., Colin X., Argoubi R., Pouchoux C., Dubus J. Impact of Seasonal 451 

Infections on Overcrowding in A Paediatric Department Of A French Hospital In 452 

Marseille: A Retrospective Analysis. Value in Health. 2017; 20 (9): A797. 453 

https://www.sciencedirect.com/science/article/pii/S0038012118304191#!
https://www.sciencedirect.com/science/article/pii/S0038012118304191#!
https://www.sciencedirect.com/science/article/pii/S0038012118304191#!
https://www.sciencedirect.com/science/article/pii/S009917671730435X#!
https://www.sciencedirect.com/science/article/pii/S009917671730435X#!
https://www.sciencedirect.com/science/article/pii/S009917671730435X#!
https://www.sciencedirect.com/science/article/pii/S009917671730435X#!
https://www.sciencedirect.com/science/article/pii/S019606441930808X#!
https://www.sciencedirect.com/science/article/pii/S019606441930808X#!
https://www.sciencedirect.com/science/article/pii/S019606441930808X#!
https://www.sciencedirect.com/science/article/pii/S019606441930808X#!
https://www.sciencedirect.com/science/article/pii/S019606441930808X#!
https://www.sciencedirect.com/science/article/pii/S019606441930808X#!
https://www.sciencedirect.com/science/article/pii/S019606441930808X#!
https://www.sciencedirect.com/science/article/pii/S019606441930808X#!
https://www.sciencedirect.com/science/article/pii/S1098301517326918#!
https://www.sciencedirect.com/science/article/pii/S1098301517326918#!
https://www.sciencedirect.com/science/article/pii/S1098301517326918#!
https://www.sciencedirect.com/science/article/pii/S1098301517326918#!
https://www.sciencedirect.com/science/article/pii/S1098301517326918#!
https://www.sciencedirect.com/science/article/pii/S1098301517326918#!


23 

10. Bastos LL, Hamacher S, Zampieri FG, Cavalcanti AB, Salluh J, Bozza FA. Structure and 454 

process associated with the efficiency of intensive care units in low-resource settings: An 455 

analysis of the CHECKLIST-ICU trial database. Journal of Critical Care. 2020; 59: 118-456 

123. 457 

11. Zeinali F, Machootchi M, Sepehri MM. Resource planning in the emergency departments: 458 

A simulation-based metamodeling approach. Simulation Modelling Practice and Theory. 459 

2015; 53: 123-138. 460 

12. Mielczarek B. Simulation modelling for contracting hospital emergency services at the 461 

regional level. European Journal of Operational Research. 2014; 235: 80-94. 462 

13. Ben-Tovim, D, Filar, J, Hakendorf, P, Qin, S, Thompson, C, Ward, D. Hospital Event 463 

Simulation Model: Arrivals to Discharge–Design, development and application. Simulation 464 

Modelling Practice and Theory, 2016; 68: 80–94. 465 

14. Ben-Tovim D, Bassham JE, Bennett DM, Dougherty ML, Martin MA, O’Neill SJ, Sincock 466 

JL, Szwarcbord MG. Redesigning care at the flinders medical centre: clinical process 467 

redesign using “lean thinking”. Med. J. Aust. 2008; 188 (6): 27-31.  468 

15. King DL, Ben-Tovim D, Bassham J. Redesigning emergency department patient flows: 469 

application of lean thinking to health care. Emerg. Med. Australas. 2006; 18 (4): 391-397. 470 

16. Qin S, Thompson C, Bogomolov T, Ward D, Hakendorf P. Hospital occupancy and 471 

discharge strategies: a simulation-based study. Internal medicine journal. 2017;47(8):894–472 

899. 473 

 474 

 475 

https://www.sciencedirect.com/science/article/pii/S0883944120305943#!
https://www.sciencedirect.com/science/article/pii/S0883944120305943#!
https://www.sciencedirect.com/science/article/pii/S0883944120305943#!
https://www.sciencedirect.com/science/article/pii/S0883944120305943#!
https://www.sciencedirect.com/science/article/pii/S0883944120305943#!
https://www.sciencedirect.com/author/7003836282/fernando-a-bozza


24 

Acknowledgement 476 

Thank you to all members contributed to HESMAD development and hospital congestion 477 

prevention study: David Ben-Tovim, Timofei Bogomolov, Jerzy Filar, Paul Hakendorf and 478 

other collaborators. 479 

Funding 480 

This work was funded by the Australia Research Council (ARC) linkage grant (LP130100323), 481 

jointly awarded to Flinders University, the Southern Adelaide Health Service (Flinders Medical 482 

Centre) and the Central Adelaide Local Health Network (Royal Adelaide Hospital). Wanxin 483 

Hou currently holds Natural Science Foundation (135420629152) from Nantong University, 484 

which was also used to fund work related to this study.  485 

Authors’ Contributions 486 

WH carried out the simulation analyses, created figures and tables, and drafted the manuscript. 487 

SQ and CT collaborated with WH on developing the analytic plan, interpreting outputs, and 488 

developing the outline of the manuscript. All authors revised the paper critically and approved 489 

the final version. 490 

Ethics declarations 491 

Ethics approval and consent to participate 492 

Not applicable 493 

Consent for publication 494 

Not applicable 495 

Competing interests 496 

The authors declare they have no competing interests. 497 

https://researchnow.flinders.edu.au/en/persons/paul-hakendorf-2


25 

Supplementary Information 498 

Additional file 1: Reporting Guideline. 499 

 500 

 501 



Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

Additonal�le1.docx

https://assets.researchsquare.com/files/rs-860642/v1/26b33da227c83c0e2ce75372.docx

