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Abstract 
Because of continuous reductions in the healthcare industry, hospital beds at inpatients wards are one 

of the resources that are frequently economised upon. To deal with this reduction in hospital beds 

while still being able to hospitalize as many patients as possible, an LP model has been designed that 

allocates the available hospital beds to the hospital departments and that allocates patients to the 

beds of a departments. The costs that are included in the model are the costs of allocating patients to 

departments, the usage of hospital beds, the costs of relocating patients to their preferred 

department, a penalty for patients that stay too long at a wrong department as well as costs for walking 

time for doctors and nurses that have to visit their patients at other locations. A case study has been 

conducted at the Dijkzigt department at the Erasmus MC, as they are facing a reduction of 30% in the 

number of hospital beds. Based on the selected costs in the LP model, the flexible allocation methods 

perform best on the percentage of patients placed at their preferred department, as well as the criteria 

that are also represented in costs. The only exception is the walking time criteria; for this criterion the 

fixed allocation methods outperform the fixed allocation methods. Three scenarios have been 

analysed: 1) allocation based on seasonality improves the performance already for fixed allocations, 

2) in case of growth, more flexible beds are allocated that result in better performance and 3) a 

reduction in the length of stay will have the largest effect for the first few days. Flexibility in beds also 

implies flexibility for nurses. This means that when flexibility in hospital beds is implemented, also 

multi-skilled nurses should be employed to be able to offer the best care to patients. Flex departments 

lead to high bed occupancy rates at fixed departments, which makes it easier to plan the required 

number of nurses for those fixed departments. The flex departments should be covered with a flex 

pool of multi-skilled nurses. The selected weights for the costs in the model are to be reconsidered 

when applying to model to different scenarios. Further research can be done to select other cost 

factors and for more detail, a scenario analysis could help to give more insight in the patient flows. 
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Management Summary 
The healthcare industry is quickly changing, as they are facing increasing technological developments 

and an ageing population, while on the other hand, healthcare institutions have to deal with 

continuous cost reductions (Harper & Shahani, 2002). This results in a reduction in available resources. 

Hospital beds are one of the resources that are frequently selected to economise in hospitals (Green, 

2002). However, hospital beds are key resource as they are a requirement for patients after surgery 

and to allow hospitalisation of patients that enter through the emergency room. Without enough 

hospital beds at the inpatient wards, surgeries have to be rescheduled and patients have to be 

forwarded to other hospitals (Green, 2005). The combination of a reduction in the number of available 

beds and the importance of hospital bed for a patient’s hospitalization makes hospital bed 

management a relevant topic. 

In literature, many articles can be found on how the number of hospital beds can be determined and 

optimized. However, limited research has been found about how to deal with a limited number of 

available hospital beds. Only Bekker et al. (2016) analysed flexible bed allocation methods, as a way to 

deal with the high variability of demand combined with limited resources. They concluded that in case 

of critical resources, the number of patients that can be assigned to hospital beds is increased when 

flexibility is introduced, either as one for which everything is flex through priorities or as one added 

flex department. In practice however, there are more strategies of how to incorporate flexibility in bed 

management as a way of dealing with critical bed resources. No literature has been found that 

researches flexibility methods with multiple flex departments with different sizes of flex departments, 

while this is in practice more realistic than applying a full flexibility model, especially in large hospitals. 

As a result, in this project, a model has been designed to optimize and analyse flexible hospital bed 

capacity allocation and to identify possibilities of dealing with a reduction in the number of resources. 

This leads to the following research question: 

How can the capacity allocation of inpatient beds be optimized when considering a restricted bed 

capacity and how can flexibility be created to deal with this restricted bed capacity? 

Model criteria  
Based on the analysis of Bekker et al. (2017), flexibility models improved the number of hospitalizations 

at an inpatient ward. New flexible allocation methods are taken into consideration for this analysis 

ranging from full flexibility to different types of small flex departments between adjacent departments. 

The following alternatives have been studied: 

0.  Current bed allocation 

This is the fixed allocation as that it currently in use in the hospital. 

1. Optimized fixed bed allocation 

A fixed bed allocation that optimizes the allocation of beds based on the available data. 

2. One large flex department 

Each department has its own fixed allocation of hospital beds, but also one large flex 

department is introduced that acts as a buffer for all departments. 

3. One flex department on each floor or on each large wing of the hospital 

A distinction has been made based on the lay-out of the hospital. More flex departments are 

introduced: one for each floor or each wing, which acts as a buffer for that specific floor/wing. 

4. Small flex departments in between two adjacent departments 

Between two adjacent fixed departments, a small flex department is created that acts as a 

buffer for these two specific departments. 
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5. Small flex departments in between two adjacent departments, including different floors 

This model is similar to model 4, only now it also takes crossing floors into account. So extra 

small departments are created also between two departments that are above or below each 

other. This results in even more small flex departments.  

Based on a literature review, operational characteristics have been selected that should be taken into 

account. These characteristics include the relocation of a patient to other departments, the time a 

patient stays at another department than the one that is preferred and lastly, a location restriction as 

doctors and nurses have to visit patients at other departments as well and this can result in long 

walking times. These three characteristics are step by step implemented in the optimization model. 

For the optimization of the hospital bed allocation, a Linear Programming model has been designed. 

The model minimizes the costs while allocating hospital beds to the departments as well as allocating 

patients to the hospital beds. More specifically, these costs include the costs of allocation patients to 

departments, the usage of beds, the penalties for relocating patients and patients that stay longer than 

24 hours at a wrong department as well as costs representing walking time. Based on different costs, 

priorities have been determined, as such that patients’ allocation have the following priority: 1) own 

department, 2) flex department, 3) another fixed department and 4) external. Additionally, patients 

that are relocated from a flex department costs less than patients being relocated from another fixed 

department, similar for the patients that stay longer than 24 hours. Lastly, the costs of walking time 

depend on the maps of the inpatient wards. 

Case study application 
To apply the LP model to a specific situation, a case study has been conducted at the Dijkzigt 

department of Erasmus Medical Centre, Rotterdam. At the Dijkzigt department, they are facing a 

reduction of approximately 30%, from 298 to 207 beds, as they are moving to a new building. This 

makes Dijkzigt suitable for the case study. Dijkzigt exists of five so-called healthcare clusters, which are 

combinations of several specialisms. As the department is moving to a new building, these healthcare 

clusters will actually start working together, as they still act as individual specialisms in the old building. 

First, a basic LP model that solely minimizes the costs of patient allocations to hospital beds and the 

usage of hospital beds has been developed for the case Dijkzigt. Secondly, the relocation and 24-hour 

penalties have been added and analysed. The third extension included the addition of walking time 

that has been added to the basic model and the previous extension. These three models have been 

applied for the different allocation methods. 

For the basic model, the flexible department scenarios outperform the fixed departments scenario, 

although a new optimization already strongly improves the performance compared to the current 

optimization. More patients can be admitted at their preferred department, less patients have to be 

relocated as well as the walking time is reduced. This is specifically interesting as these latter two 

criteria are not included in the optimization yet. For the four flexible allocation methods, the model 

with one large flex performs (model 2) best, followed by the model with the most small flex 

departments that crosses floors (model 5).  

When the other criteria are added, the flexibility methods still perform best, except for the walking 

time criteria. For this last criterion, the fixed allocation methods still perform best. This can be 

explained as more patients will be located at their preferred department when only fixed department 

are applied, resulting in less walking time. For all other performance indicators, the model with one 

large flex department still performs best, followed by the model with five small flex departments 

between adjacent departments and crossing floors. 
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Scenarios 
Three scenarios have been selected to analyse the robustness of the flexible allocation models: 1) 

seasonality, 2) growth and 3) reduction in length of stay combined with growth. 

First, five periods have been selected: 1) January-March, 2) April-June, 3) July-August, 4) September-

Christmas holiday, 5) Christmas holiday for which seasonal factors have been calculated. Especially the 

Christmas and summer holiday show a decrease in demand, while some of the healthcare clusters 

show fluctuations in demand throughout the year. Based on these five periods, different allocations 

have been calculated. It was concluded that compared to one yearly allocation, an allocation per 

selected time period results in higher percentages of patients placed, less relocations and less walking 

time. Also, less flexible beds are required to obtain better results in these KPIs. Already a fixed 

allocation per season performs well, and therefore it can be concluded that if flexibility is not preferred, 

different fixed allocations based on the seasons is a good alternative. 

For the growth scenario, the boundaries of the model were tested as a fixed increase of 3% to 12% 

was calculated. More patients in the system lead to more flexible beds being allocated and therefore, 

these models perform better than the fixed allocation models. In all cases, all KPIs perform worse as 

the system grows. Based on the criteria of Dijkzigt, a growth of 6% is the maximum acceptable scenario. 

These criteria are: 1) the bed occupancy rate should be smaller than 90%, 2) the number of patients 

that cannot be placed at their preferred healthcare cluster should not exceed 5% and 3) the total 

number of patients that cannot be placed at all should not be larger than 0.5%. 

The last scenario used the growth scenario but combined it with a reduction in the length of stay. For 

the patient group that are transferred to nursing homes after their hospitalization of two healthcare 

clusters, the length of stay will be reduced stepwise. It was concluded that a reduction of one day 

already leads to significant improvements on all performance indicators. For the 9% growth scenario, 

a reduction of two days makes the scenario acceptable for Dijkzigt. When analysing the 12% scenario, 

more days of reduction have less effect on the performance indicators.  

Independently of the selected weights and the input of the model, it is believed that the conclusions 

for these scenarios will stay the same. 

Implication nurses 
Flexibility in hospital beds also requires flexibility from nurses, as they are the one to care for the 

patients in the flexible beds. Therefore, an analysis has been done on the consequences of the flexible 

bed allocation on the nurses. To be able to introduce flexible beds, generalist nurses should be 

employed who are able to provide care to all patient types. This is especially important in the case of 

one large flex department. In the model with several small flex department specifically for two 

adjacent fixed departments, the nurses should only be able to care for patients of those two 

departments. 

An advantage of the introduction of flex departments is that fixed departments obtain a high utilization 

rate. This makes it easier to plan nurses for these departments. The flex departments are facing high 

variety in the number of occupied beds, but this is also dependent on the seasonality as identified in 

the seasonality scenario. This flex department could be covered by nurses from a so-called flex pool, 

that are multi-skilled and are willing to be flexible. 

Discussion 
Although the research has been conducted with great care, with a critical eye some points of discussion 

come forward related to the modelling decision made and their effects on the results. First, the 

selection of a LP model has been done to give first insights in what the effect would be of applying a 



vii 
 

flexible allocation method. However, in the designed LP, it is not possible to see which patient is 

actually located where. If more specific insights are required, a simulation model would be a better 

solution. 

Additionally, the selected weights in the model are also chosen to give first insights in the flexible 

allocation model. However, the values of these weights are a point of discussion as they cannot be 

derived from reality. Priority in patient allocation as well as the costs of a loss in quality of care when 

a patient is not placed at its preferred location are hard to quantify. For other hospitals and scenarios, 

more study in the trade-offs between the costs is required.  

Conclusion and further recommendations 
It is concluded that the addition of flexible hospital beds is a way to be able to hospitalize more patients 

at their preferred departments, either fixed or flex. When also multi-skilled nurses are employed, also 

the quality of care for the patients at the flex departments can be guaranteed. 

For Dijkzigt, the implementation of flexible bed allocation is currently a step too far, as they are still 

reorganizing into the healthcare clusters, which are indirectly already sharing hospital beds within the 

healthcare clusters. 

For further research, the aspect of diversity of nurses could be taken into further consideration and 

could be added to the optimization model. Furthermore, for a more detailed analysis were patient 

requirements are taken into account, a simulation model would be a good alternative to analyse the 

effect of a flexible allocation model. 
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1. Introduction 
The healthcare industry is quickly changing. On the one hand, medical technology is developing rapidly 

and people’s life expectations are quickly increasing. On the other hand, healthcare institutions are 

facing an ageing population requiring more care and in just like every other industry, there is an 

ongoing cost reduction and a focus on higher production and efficiency with less money (Harper & 

Shahani, 2002). This latter one is strongly influencing the number of available resources. 

One important resource in hospitals are the hospital beds. Although a hospital bed itself is not the 

most expensive resource at a hospital, the importance of it is often underestimated (Green, 2005). 

When there is a shortage in the number of inpatient beds at the hospital wards, patients have to wait 

hours in the emergency room before they can be hospitalized and frequently, procedures and surgeries 

are rescheduled as there is no bed available at the ward were the patient should be transferred to 

after surgery. Consequently, it can be concluded that hospital beds are strongly influencing the 

performance and utilization of more expensive resources such as the Operating Theatre. When not 

enough hospital beds are available, production targets become difficult to reach. However, still 

hospital beds are the one resource that is currently being saved at in the healthcare sector (Green, 

2002). Additionally, there is an increasing shortage in the number of nurses, as the number of unfilled 

positions is increasing. Consequently, the workload and overtime of nurses increase (Wright & 

Bretthauer, 2010). A limitation on the number of nurses available will also restrict the number of 

patients that can be taken care of and the number of beds that can be used. 

The trends in the healthcare industry as described above and its consequences on the operations 

within the hospitals result in an increasing importance of bed capacity management, as beds are crucial 

resources for being able to provide care to the patients who are hospitalized. Without efficient usage 

of beds, patients cannot be admitted nor operated and should be forwarded to other hospitals. This 

should be and can be prevented in case bed capacity is better managed. 

1.1 Problem description 
In literature, many articles can be found on how the number of hospital beds can be determined and 

optimized. However, limited research has been found about how to deal with a limited number of 

available hospital beds. Only Bekker et al. (2016) analysed flexible bed allocation methods, as a way to 

deal with the high variability of demand combined with limited resources. They concluded that in case 

of critical resources, the number of patients that can be assigned to hospital beds is increased when 

flexibility is increased. In practice however, there are multiple strategies of how to incorporate 

flexibility in bed management as a way of dealing with critical bed resources. No literature has been 

found that researches flexibility methods with multiple flex departments with different sizes of flex 

departments, while this in practice more realistic than applying a full flexibility model in large hospitals.  

As a result, in this project, a model has been designed to analyse flexible hospital bed capacity 

allocation and to identify possibilities of dealing with a reduction in the number of resources. To test 

the model, a case study has been conducted at the Dijkzigt department within the Erasmus Medical 

Centre in Rotterdam that is also facing a hospital bed reduction. 

1.2 Structure 
The remainder of this thesis is as follows: 

In Chapter 2, literature background considering bed management will be discussed. Afterwards, 

Chapter 3 will elaborate on the research design, including the project goal, scoping and methodology. 

Then, in Chapter 4, flexible allocation models and criteria will be selected, which will be followed by a 
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description of the mathematical model and its KPIs. Chapter 5 will introduce the case study, including 

a company description of the Erasmus MC where the case study is conducted. In Chapter 6, the input 

parameters will be selected specifically for the Dijkzigt case after which the mathematical model as 

designed in Chapter 4 will be applied to the case study and the output of the first analysis will be 

presented and discussed. Then, in Chapter 7, different scenarios will be discussed. Chapter 8 will 

discuss the implication of flexibility for the employability of nurses. Afterwards, Chapter 9 will discuss 

the assumptions and drawbacks of the model. Lastly, Chapter 10 will conclude the research and 

suggestions will be given for further research. 
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2. Literature background 
In this chapter, the literature background about hospital bed management will be discussed. This will 

be used as background for setting up the research design in Chapter 3. 

2.1 Review methodology 
This literature background is a summary of the literature study that has been executed prior to starting 

this research. This section will describe shortly what criteria has been used to select the articles as 

presented below. For a more detailed description, the literature study can be examined (Van Nes, 

2018).  

The sources that have been mainly used include the TU/e Library Search, Google Scholar, JSTOR and 

PubMed. These latter two include specifically relevant articles related the health and medical sciences. 

The first two are two large search tools that also include articles from other specific literature sources. 

The selection of articles is based on the publication date that should be later than the year 2000 and 

the number of citations should exceed 20. Additionally, articles must be written in English and should 

be available online.  

Relevant search terms include: hospital bed allocation, hospital bed demand including arrivals, 

discharge and length of stay, hospital bed management, flexibility, hospital bed performance. 

After reading the title, abstract, introduction and conclusion, articles have been selected that are used 

for the literature study. Note again that the literature background as presented in this chapter is only 

a brief summary of the literature study that has been executed prior to this research.  

2.2 Hospital bed management 
Over the years, quite some research has been done related to bed management. Because of increased 

demand and reduced resources, the planning of hospital bed capacity has become a challenging 

problem (Akcali et al., 2006). The main challenge is to find a balance between utilizing bed resources, 

being able to treat as many patients with limited waiting time and in the meantime, minimizing costs. 

Many articles have been dedicated to optimizing the number of beds within the hospital and wards. 

However, before starting with optimization techniques, it is important to decide what are the KPIs and 

variables that need to be taken into consideration. Bed occupancy rate is the KPI that is most often 

mentioned in literature. It represents the number of occupied beds as a ratio to the total number of 

beds (Green, 2002). However, according to Green (2002), there are some aspects that makes this KPI 

a bit biased. There might be beds that are out of service because of a shortage of nurses, isolation 

patients, etc. which will immediately result in a low bed occupancy. Additionally, bed occupancy rates 

are often measured as averages over the year, which does not make distinction between peak periods 

and for example summer closure. Therefore, other performance indicators should be added, which is 

confirmed by Kokangul (2008) and Harper & Shahani (2002). The latter believe that the number of 

refusals is often “overlooked by managers”. Kokangul (2008) takes it a step further and claims that to 

be able to draw good conclusions about the performance of a hospital of ward, target service level 

(ratio of patient to be able to admit) and the number of admissions each day should be used in 

combination with the bed occupancy rate. It is concluded that only combining multiple performance 

criteria will give a good overview of the total performance. 

After the performance measures have been identified, various methods and techniques have been 

used to optimize the number of beds within a hospital or ward. The most frequently used methods are 

Linear Programming / Mixed Integer Programming, simulation and queuing theory. First, linear 

programming is often used when one tries to minimize or maximize a linear function, with variables 
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that are subject to constraints. Bachouch et al. (2012) used an integer linear model to create a tool for 

hospital planning, with the advantage that it can easily be solved with a solver. Akcali et al. (2006) also 

used the mathematical integer problem, but it resulted in a non-linear optimization when combining 

it with queuing methodology. This leads to another method, namely queuing theory. Queuing theory 

is often used as to improve customer service and therefore suits the healthcare industry well (Belciug 

& Gorunescu, 2015). It takes stochastic distributions of the arrival and length of stay into account and 

calculates the steady state of a system and the corresponding performance. The queueing model that 

is frequently used in literature is the (M/Ph/c)-queue, with a phase-type distribution for the length of 

stay (Gorunescu et al., 2002; Li et al., 2008). In order to optimize the queuing model, other techniques 

are added to the model, such as a loss model (Gorunescu et al., 2002), Goal Programming (Li et al., 

2008) and compartmental modelling and evolutionary-based optimization (Gorunescu et al., 2002). In 

case the arrival and length of stay distributions get very complex, simulations are frequently used. 

Simulation can also be useful in investigating alternative systems and its effects. Harper and Shahani 

(2002) simulated patient flows through various levels of care and both on hospital and unit level, 

aiming at quantifying effects of changes and scenarios. Therefore, simulations are especially 

appropriate when different effects are investigated which are difficult to capture in existing 

deterministic and stochastic models, specifically when it is not preferred that assumptions are made 

or generalized (Harrison et al., 2005). 

There are also articles written about how to allocate beds over multiple wards. These optimizations 

are also using similar techniques as optimizing a single ward, namely queuing theory (Andersen et al., 

2017), simulations (Holm et al., 2013) and Mixed Integer Problem (Schmidt et al., 2013). On the other 

hand, Bekker et al. (2016) analysed different methods of bed allocation, from fully flexible (merging) 

to fixed allocation (separate wards). They state that often hospitals are organized according to the 

traditional medical disciplines, resulting in separate wards. This medical classification of patients and 

wards withholds efficiencies of economies of scale as patients are hardly ever exchanged, while 

economies of scale are especially useful in systems with high variability such as hospitals. Four 

allocation strategies are identified of which the ear marking policy is said to have the best performance 

for large scale hospitals. This earmarking policy signifies that “each patient type has dedicated beds, 

whereas all patient types share a joint ward of overflow with fully flexible beds” (Bekker et al., 2016). 

In the discussion of the article of Bekker et al. (2016), it is mentioned that it is interesting to find the 

optimal bed allocation when also costs are included for the nurses that can differentiate between 

single-skilled and multi-skilled teams – the multi-skilled teams should be able to cover the joint ward. 

The recommendation to include nursing staff is not something new. Also Green (2002) stated that 

greater efficiency could be achieved when more flexible nursing units would be used. Beeknoo & Jones 

(2016) already did a small analysis for the number of nurses that are required based on the optimal 

number of beds. This was done with two groups: the fixed nursing team and the team of nurses on 

flexible basis. This latter group was responsible to cover the demand of daily changes. The addition of 

nurses was done based on a ratio of five patients per nurse. More complex methods of determining 

the number of required nurses combined with the number of beds has not been found. 

2.3 Application to research 
However, based on this literature background, input can be derived that can be used in setting up the 

research design.  

Firstly, it comes forward that it is important to select multiple KPIs to analyse the performance of the 

system and only analysing bed occupancy is not sufficient. Other parameters such as number of 

patients arrived or rejected takes more perspectives into account.  
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Secondly, it can be concluded that almost all hospitals are facing a reduction in the available resources 

as a way to obtain lower cost and higher efficiency. Dealing with these reductions requires techniques 

and strategies how to deal with and optimize the scarce resources. In the case of hospital beds, Bekker 

et al. (2016) suggested the usage of flexible beds and consequently, analysed different methods to 

share beds, from fully flexible beds to fully assigned beds. They concluded that partly sharing beds 

(earmarking) works best. However, sharing beds can be done in different ways, for example one large 

flex department or multiple small ones depending on its location or specialism. This is not discussed in 

literature yet. Therefore, other strategies for dealing with critical resources can be further explored.  

Lastly, when analysing different usage of hospital beds, it is also important to take nurses into account 

as well since creating flexibility in the usage of beds also requires flexibility from nurses. Including the 

impact of different bed allocation strategies on the employment of nurses will be relevant for putting 

the models into practice.  

These three aspects will be incorporated in the research design that will be described in Chapter 3. 

It is interesting to realize that from this literature study, it can be concluded that many optimization 

methods have been designed to allocate hospital beds and to utilize the hospital beds as much as 

possible. But in practice, the usage of mathematical or simulation models is seen as an exception. As 

confirmed by Green (2002), hospital often use rules of thumb and best practices to calculate the 

required number of hospital beds. If data are used, these data are frequently averages of financial 

data, while this is not necessarily representative to base operational decisions on. However, this 

research will develop a new model to give new insights in the potential of different allocation methods 

as well as showing the added value of using mathematical models compared to best practices.  
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3. Research design 
To conduct the research, the problem-solving cycle of Van Aken (2012) is used. This cycle suits analyses 

that are driven by business problems, and therefore also business problems such as a reduction in the 

number of hospital beds as faced by hospitals.  

The problem-solving cycle contains five steps: 1) Problem definition, 2) Analysis and diagnosis, 3) 

Solution design, 4) Intervention and 5) Learning and evaluation. Each step will be elaborated on and 

put in the context of this research separately, containing its own research questions and approach. 

 

Figure 1 Problem-Solving Cycle by Van Aken (2012) 

After discussing the five steps of the problem-solving cycle of Van Aken (2012) applied to this research, 

the research scope is discussed in section 3.6. 

3.1 Problem definition 
The first step is the problem definition. As introduced in Chapter 1, there is an ongoing cost reduction 

in the healthcare industry which results in limited availability of resources. A main resource that is 

economised upon are the inpatient hospital beds. However, this resource is of key importance as 

hospital beds are required for hospitalization of patients after admission at the emergency department 

and after surgery. Flexibility is a solution to optimize the usage of hospital beds in case of high 

variability in demand and when the number of hospital beds is scarce. However, how this flexibility 

can be applied at an inpatient ward is hardly known yet. 

In literature, Bekker et al. (2016) suggested the usage of flexible beds in extremes, analysing the effects 

of having on one hand no flexibility and on the other hand full flexibility. However, no research has 

been found on more flexible allocation methods that can positioned in between these extremes with 

respect to hospital bed management, indicating a gap in literature. Therefore, this research aims at 

designing other flexible allocation methods and to analyse its effect on the performance of the 

inpatient wards. This results in the following main research question: 

How can the capacity allocation of inpatient beds be optimized when considering a restricted bed 

capacity and how can flexibility be created to deal with this restricted bed capacity? 

3.2 Analysis and diagnosis 
In the second step, the problem and its context are analysed. Although this step is made to identify 

the causes of the problem, this step will be used to identify relevant aspects of the context that should 

be taken into account when designing a solution. As the research focusses on flexible allocation 

methods, research has to be conducted on what flexibility methods already exists and what their 

performance is. To do so, a literature search will be done. 

Problem 
definition

Analysis & 
diagnosis

Solution 
design

Intervention

Learning & 
evaluation
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Furthermore, operational characteristics are important when modelling bed allocation that influence 

the performance of the inpatient wards. These characteristics make sure the model is realistic from an 

operational point of view as well, taking the processes of patient care into account. For this aspect, a 

literature study is done as well.  

Thirdly, for each model and situation, KPIs have to be selected. For this step, used KPIs in regular bed 

allocation models can be analysed as well as new KPIs can be derived from the selection of operational 

characteristics. Therefore, literature related to bed allocation models and bed management are 

searched to select relevant KPIs before the design phase can start.  

The analysis step should answer the following sub-questions: 

1.  What methods exist to introduce flexibility in bed allocation? 

2. What operational criteria are mentioned in literature that will influence the allocation of hospital 

beds? 

3. What KPIs are relevant for bed capacity analysis? 

The results of this analysis and diagnosis step, including flexibility methods, operational criteria and 

KPIs, are the input for the design step of the research paradigm of Van Aken (2012).  

3.3 Solution design 
In the third step, a solution to the identified problem is designed. In this case, the solution is a 

quantitative model. The aim of the model is to allocate hospital bed capacity to departments (both 

fixed and flex), while minimizing the number of patients that are located at other departments than 

their own and taking other criteria as selected in Step 2 into account step by step.  

The next step is to select a model type. For this research, a Linear Programming model (LP) is created, 

which will be the mathematical optimization model that will allocate hospital beds in a flexible manner. 

As described in the Literature Background (Chapter 2), LP models are frequently used in solving 

healthcare bed management problems. The advantages of LP models are that they can easily and 

quickly be solved with a solver compared to for example simulation models and it helps in attaining 

the optimal use of resources. Additionally, LP models also suit allocation problems well, which can be 

useful in the case of limited available resources, where both beds have to be assigned to the clusters 

and patients have to be assigned to beds. Since the aim of this research is to give insights in the effect 

of introducing flexible beds through optimization, instead of designing the most ideal bed allocation, 

an LP model is suitable for this research. Downsides of using linear programming techniques is that the 

objective function should be measured in quantitative terms (so that it can be optimized), which also 

requires difficult quantification such as priorities of patient types. Secondly, LP models do not take into 

account the effect of time and uncertainty as it is a deterministic model which finds an optimal solution 

for the given input parameters. These downsides should be taken into consideration when evaluating 

the designed solution. The LP model will be calculated with an extension of Excel called OpenSolver. 

The question that is left is how the flexible bed allocation can be modelled as an LP model. This results 

in the follow sub-question: 

4. How can the flexible bed allocation be linearly modelled? 

The resulting model, i.e. the solution is the deliverable of this research. In the following steps, the 

model can be tested and evaluated on its performance.  
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3.4 Intervention 
After designing the model, the model has to be tested. Therefore, a case study is conducted at the 

Erasmus Medical Centre, at the Dijkzigt department. This case has been selected since Dijkzigt will 

move to a new building in May, 2018 and consequently, is facing a bed reduction of approximately 

30%. In collaboration with Dijkzigt, input parameters are selected as well as data have to be prepared 

to be able to use the LP model. The effect of each operational criterion is first to be analysed for all 

selected flexible allocation methods as identified in step 2, after which the addition of the operational 

criteria can be compared. This will answer the following sub-question: 

5. How does the designed model act in a case study? 

To analyse the robustness of the designed model, scenarios have been selected, resulting in the sub-

question below: 

6. What is the sensitivity of the model when changing the inflow and outflow processes? 

o Different allocation of beds depending on the time of the year (seasonality) 

o Future growth 

o Reducing length of stay 

Based on the results from the case study and its scenarios, conclusions can be drawn. Additionally, the 

model can be evaluated, which will be done in the next step. 

3.5 Learning and evaluation 
The last step is to evaluate the designed solution based on the results of the intervention. The selection 

of the flexible allocation methods, LP model, the input parameters and scenarios are evaluated. 

However, from the literature background in Chapter 2, it comes forward that nurses play an important 

role when considering hospital beds. This means that patients and nurses are strongly interrelated with 

each other and when analysing the required number of beds, an analysis of the required number of 

nurses should be added. Therefore, the consequences of this model on the employability of nurses 

should be evaluated as well. This is done by both a quantitative analysis based on the output results 

of the LP model as well as interviews with nurses. This results in the last sub-question: 

7. What do all these measures imply for the employability of nurses? 

Based on the evaluation, conclusions can be drawn and recommendations can be formulated to 

identify suggestions for a new problem definition. These could be answered in a new problem-solving 

cycle (Van Aken, 2012), but this is out of scope here.  

3.6 Research Scope 
To recap, the scope of this research includes the inpatient departments within a hospital where 

patients are staying for a longer treatment. The inpatient hospital wards have patients entering from 

policlinic appointments and surgeries (elective patients) and patients from the emergency department 

(urgent). The different ways of inflow of patients from the emergency department and from the 

operating theatre are also left out of scope, as this requires a high complexity as well as the availability 

of data where a specific patient comes from. The patients at the inpatient wards interact with the 

operating room, the intensive care and can also leave the wards for tests at other departments. In this 

analysis, these interactions are not taken into account as the research solely focusses on the hospital 

beds at the inpatient wards. The aim of the research is to gain insights of the effect of applying a flexible 

allocation method and the interaction with surrounding departments is left out. This also includes 

polyclinical and day care departments. This results in the main focus on the inpatient wards within a 

hospital.  



9 
 

4. Research model 
In this chapter, first a literature research is done on existing flexibility methods to determine the 

models that will be analysed in this thesis. Afterwards, another literature search is done to investigate 

what criteria should be taken into account when modelling a bed allocation model. Based on these 

results, an LP model is formulated that takes the different flexibility methods and criteria into account. 

Lastly, the assumptions that have been taken in the model are elaborated on. 

4.1 Flexibility methods 
In literature, flexibility has been recognized as a key concept for efficient management of hospital beds 

(Bekker et al., 2016; De Bruin et al., 2010; Green & Nguyen, 2001). However, hardly any research has 

been done about the implications of introducing flexibility in hospital bed allocation.  

Seung-Chul et al. (2000) were the first to introduce flexibility in hospital beds in literature considering 

the Intensive Care Unit. However, they analysed a bed reservation scheme to guarantee elective 

patients that hospital beds would be available for them. Flexibility in sharing beds was not tested since 

it only considered one IC unit. 

Until the publication of Bekker et al. (2017), no further literature was written about the allocation of 

partially flexible capacity for clinical wards.  In this article, four bed allocation strategies have been 

considered: 

1. Simple merging – all departments under consideration share all wards 

2. Earmarking – one large flex department as a buffer for the specialism departments 

3. Threshold – prioritizing patient groups and allocate beds according to their prioritization 

4. Separate wards – the current situation of many hospitals were all specialisms have their own 

wards 

Bekker et al. (2017) concluded that a little bit of flexibility is already sufficient to increase the number 

of patients that can be assigned to hospital beds. In case of a small hospital, the threshold policy 

performs best and in case of a large hospital, the earmarking policy outperforms the other three 

strategies. It was stated that further research can be done for different bed allocations. 

As stated above, it was concluded by Bekker et al. (2017) that for large scale systems, the earmarking 

policy performed best. However, in practice one large buffer for a hospital might not always be 

realistic, since it requires a lot of flexibility from the medical specialists to be responsible for patients 

that are located possibly at the other side of the hospital, and nurses to care for many different patient 

types, which is perceived as something negative by nurses (Maenhout & Vanhoucke, 2013). Therefore, 

this research will compare this one large buffer situation to situations which include several small 

flexible departments that are located between departments to stimulate harmonization between 

departments that are located next to each other. This results in the following new flexible allocation 

methods: 

0. Current bed allocation 

This is the fixed allocation as that it currently in use in hospitals. 

1. Optimized fixed bed allocation 

A fixed bed allocation that optimizes the allocation of beds based on the available data. 

2. One large flex department 

Each department has their own fixed allocation of hospital beds, but also one large flex 

department is introduced that acts as a buffer for all departments. 

3. One flex department on each floor or on each large wing of the hospital 
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As one large flex department might be not realistic from a location point of view, a distinction 

has been made based on the lay-out of the hospital. More flex departments are introduced: 

one for each floor or each wing, which acts as a buffer for that specific floor or wing. 

4. Small flex departments in between two adjacent departments 

Many small flex departments are created. Each small flex department is located in between 

two previously adjacent fixed departments and acts as a buffer for these two specific 

departments. This stimulates the harmonisation effect between two adjacent fixed 

departments. 

5. Small flex departments in between two adjacent departments, including different floors 

This model is similar to model 5, only now it also takes crossing floors into account. So extra 

small departments are created also between two departments that are above or below each 

other. This results in even more small flex departments.  

These six models are analysed in a concrete case study to compare a given fixed allocation to 

different number and sizes of flex departments. 

4.2 Modelling criteria 
When modelling the allocation of patients to hospital beds, operational criteria are also important to 

take into account. In literature, criteria have been taken into account by researchers as well as they 

mention the importance of some operational aspects. The criteria that came forward during a 

literature search are listed below: 

• Distinction between urgent and elective patient care (Bachouch et al., 2012) 

• Gender constraints with respect to double rooms (Bachouch et al., 2012) 

• Limited availability of medical specialists (Visser et al., 2003) 

• Quality of care provided by the medical specialists and nurses (Andersen et al., 2017; 

Maenhout & Vanhoucke, 2013) 

• Relocation of patients between departments (Andersen et al., 2017) 

Firstly, when considering bed allocation, a distinction can be made between elective and urgent 

patients (Bachouch et al., 2012). Those two patient groups have differences in predictability of their 

arrival time and length of stay and therefore require different approaches when planning hospital 

beds. 

Second, Bachouch et al. (2012) also took gender differences into account when assigning hospital beds. 

Some patients require to share a room only with patients that are of the same sex. The importance of 

this criterium depends on the policy of the hospital and the sizes of the rooms of the hospital under 

consideration (1, 2 or 4 patients in the same room).  

Thirdly, medical specialists and nurses are the human resources that are responsible for the care of 

the patients. Since there is an increase in administrative tasks for nurses and also doctors are facing a 

high time pressure (Visser et al., 2003), it is important to locate the patients as efficient as possible so 

as limited time is spend on walking to patient and more time is left for delivering care. 

The fourth criterium is related to the quality of care provided to the patients by the medical specialists 

and nurses. The best care for a patient is provided at the department of its hospitalization specialism 

(Mayo et al., 2010). However, in case a hospital department is full, a patient can be located at another 

department. This results in a reduced quality of care provided to the patient (Andersen et al., 2017). 

Therefore, it is strongly preferred to place as many patients at its preferred department as possible.  
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This brings us to the last criteria, the relocation of patients. Since the quality of care is lower in case a 

patient is not treated at its own department and nurses view it as negative to be assigned to patient 

types that are not theirs (Maenhout & Vanhoucke, 2013), it is important to replace patients as soon as 

possible when a bed becomes available at the patient’s preferred department. However, note that a 

consideration has to be made between continuously relocating patients and leaving a patient at a 

‘wrong’ department for a longer period of time, since relocating patients creates stress and anxiety for 

the patients (Whittaker & Ball, 2000). 

Not all these five criteria are taken into account when creating a hospital bed allocation model. The 

differentiation between elective and urgent patients have been left out of scope in chapter 3. 

Therefore, this criterium is not relevant to incorporate in the model. Furthermore, Bachouch et al. 

(2012) have already analysed hospital bed planning when taking gender of patients into account, it 

would be interesting to analyse the other three criteria. Those three criteria are also related to the 

patient and medical specialist logistics, as it concerns patient transfer in relation to patient care and 

efficiency of medical specialists. The two criteria of Bachouch et al. (2012) on the other hand are more 

details related to the patient types which can be implemented in the model afterwards when more 

detail for the patient categories is required. This results in the inclusion of patient care, patient 

relocations and medical specialist efficiency in the bed allocation model.  

For the quality of care, one can prioritize patients to be located at their own department and to include 

an extra penalty in case patients stay longer than 24 hours at a wrong department. Additionally, to 

balance the number of relocated patients and patients staying for a longer period of time at a ‘wrong’ 

department, a constraint for relocation patients could be added as well. Lastly, the time efficiency of 

nurses and medical specialists can be implemented in the model by introducing a location constraint, 

which takes the walking distance or time between departments into account.  

4.3 Performance indicators 
In order to compare the different models and scenarios, performance indicators have to be selected. 

As mentioned in Chapter 2, it is important that more indicators are taken into account to be able to 

draw good conclusions about the performance of the models (Harper & Shahani, 2002; Kokangul, 

2008). The most commonly used KPI is bed utilization (Green, 2002), but also the number of patients 

that have to be rejected should be included since a high bed utilization would imply higher rejection 

percentages due to the high stochasticity of the patient demand in the healthcare industry. Based on 

this literature, the following performance indicators have been selected: 

• Number of beds assigned to each department 

• Number of bed days located elsewhere per year: 

o Located in flex department 

o Located in another department 

o Located externally 

• Percentage of bed days located elsewhere compared to the total demand of bed days per year 

• Bed utilization per year 

• Number of patients being relocated per year 

• Number of patients that stay longer than 24 hours at another department per year: 

o At a flex department 

o At another fixed department 

• Walking time for patients that are located at another department than their preferred 

department per year (minutes) 

With these five it is believed that a good comparison between the models and scenarios can be made. 
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4.4 Mathematical model: LP 
In this section, the linear programming model will be described. First, a basic model will be described 

that only minimizes the number of patients that are located at a wrong department (4.4.2). Afterwards, 

flex departments will be added to the model in 4.4.3. The constraint considering relocating patients 

will be included in 4.3.4. Lastly, in 4.3.5 another constraint for the location distance will be added to 

the model of 4.3.4. 

4.4.1 Explanation LP model 
The LP model that is designed aims at minimizing different cost factors that are included in the LP 

model. These costs will be explained in detail in the mathematical models below. To optimize these 

costs, the model allocates the total available hospital beds to the departments as well as that it 

allocates the patients in the model to the departments each day. This requires a consideration of the 

number of beds being allocated and the number of patients that can and cannot be placed at that 

department with that specific number of hospital beds. Depending on the department where a patient 

is placed, costs can be incurred. 

For the entire time period that has been selected, e.g. a month or a year, the number of beds will be 

allocated. This results in an allocation that leads to the lowest cost for the selected time period. 

The input of the model concerns the demand for hospital beds, which represents the number of 

patients on a specific day in the system that are to be allocated to a department. The output of the 

model is the number of patients that have been allocated to each department and from which 

department for each day as well as the number of beds that have been allocated to each department. 

As the LP model is an aggregate model, it is not able to differentiate between the different patients 

and consequently, the allocation of a patient to a specific bed is not known. 

4.4.2 Basic LP model – optimization of the allocation in the number of beds 
The aim of the basic LP model is to minimize the total costs of patients that are allocated as well as the 

costs of using hospital beds. The decision variables are the number of beds being allocated to each 

department and the allocation of a patient to a certain department. 

Assumptions 

As the model is not able to identify critical patients, it is assumed that the patients who cannot be 

placed on the maximum of total available beds will be placed on another department under 

consideration. Therefore, these patients will not be rejected in the model and can be relocated if there 

is a bed available at their own department. 

Notation 

To define the LP model, several sets, variables and parameters have been used. 

Sets: 

N = number of fixed departments 

I = set of patient groups i, which belongs to a specific department, from i=1,..,N 

J = set of departments j, where a patient can be assigned to, from j=1,..,N 

T = set of days, where t represents a day of the year t=1,..,365 
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Variables: 

𝐵𝑗 = number of beds assigned to department j ϵ J 

𝑋𝑡,𝑖,𝑗 = the allocation of patient type i ϵ I to a bed of department j ϵ J on day t ϵ T 

𝐶𝑖,𝑗 = costs of locating a patient i ϵ I on beds of department j ϵ J for one day 

𝐷𝑡,𝑖 = demand at day t ϵ T for department i ϵ I 

Parameters: 

𝐶𝐵 = costs for having a bed available 

𝐵𝑀 = Maximum number of available beds 

Model formulation 

Objective function: 

The objective is to minimize the total costs of patients that are allocated and the costs of hospital bed 

capacity. 

min ∑ ∑ ∑ 𝑋𝑡,𝑖,𝑗 ∗  𝐶𝑖,𝑗

𝑗𝑖𝑡

+ ∑ ∑ 𝐵𝑡,𝑗
𝑗𝑡

∗ 𝐶𝐵 

Decision variables: 

𝐵𝑗  for j=1,..,N  

𝑋𝑡,𝑖,𝑗  for i=1,..,N, j=1,..,N and t=1,..,T 

Constraints: 

∑ 𝐵𝑗𝑗 ≤ 𝐵𝑀  for j=1,..,N    (1) 

∑ 𝑋𝑡,𝑖,𝑗 ≤  𝐵𝑗𝑖    for i=1,…,N, j=1,..,N and t=1,..,T  (2) 

∑ 𝑋𝑡,𝑖,𝑗 =  𝐷𝑡,𝑖𝑗   for i=1,…,N, j=1,..,N and t=1,..,T  (3) 

𝐵𝑗, 𝑋𝑡,𝑖,𝑗 ≥ 0  for j=1,..,N    (4) 

Description constraints: 

1) The sum of beds allocated to the departments j ϵ J should not exceed the maximum number 

of available beds 

2) The total number of patients that are assigned to department j ϵ J should not exceed the 

number of beds that are allocated to department j ϵ J at day t ϵ T 

3) The total of number of patients of department i ϵ I that are allocated at day  t ϵ T should be 

equal to the total demand of i at day t ϵ T 

4) Non-negativity constraints 

4.4.3 Addition of flexible/shared beds 
The first extension to the basic model from 4.3.1 will be the addition of flexible beds. The flexibility in 

beds will be included in the model by adding extra bed departments, the so called flex departments. 

The number of flex departments will be represented by the letter K. Consequently, a new set of 
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departments J will consist of the existing hospital departments (set N) and the flexible departments 

(set K). The formulas will not be changed to be able to include flexible beds. 

The newly defined set of J: 

J = set of departments j, where a patient can be assigned to, from j=1,..,N+K 

The set I will not be influenced by the introduction of flex departments: 

I = set of departments i, which represents the department where a patient belongs to, from i=1,..,N 

Also all other sets will stay the same as presented in 4.3.1. 

4.4.4 Relocation of patients with 24 hour and replacement penalties 
In this extension to the model of 4.3.2, a penalty will be included for the patients that have to stay 

longer than 24 hours on a bed of another department as well as for replacing patients from a ‘wrong’ 

department to its own. Based on the assigned costs to either replacing patients or a longer stay than 

24 hours on another department the model will give priority to one or the other. 

A model will be described that makes a distinction between fixed and flex departments with respect 

to the 24 hour and replacements penalties. This differentiation will be made because being located at 

a wrong fixed department is worse than being located at a flex department. For this model, the existing 

sets, variables, parameters and constraints as presented in 4.3.1 and 4.3.2 are also used.  

Assumptions 

In an aggregate LP model, it is not possible to identify which exact patient is located at what other 

department. Therefore, it is assumed that the available free beds will be assigned to patients in the 

following priority: 

1) Relocation of a patient that is located at another department that is also facing shortages. If 

this other department has enough beds available, then: 

2) Newly arriving patients for the department 

3) Relocation of other patients that are located wrongly 

Notation 

Sets: 

N = number of fixed departments 

I = set of departments i, which represents the department where a patient belongs to, from i=1,..,N 

J = set of departments j, where a patient can be assigned to, from j=1,..,N+K, for which N represents 

the number of fixed departments and K the number of flex departments. 

T = set of days, where t represents a day of the year t=1,..,365 

Variables: 

𝑅𝑍𝑡,𝑖,𝑗  = number of patients that were placed at a wrong fixed department j ϵ J {N} but are being 

relocated to their preferred department i ϵ I at day t ϵ T  

𝑅𝐹𝑡,𝑖 = number of patients that were placed at a flex department j ϵ J {K}, but are being relocated to 

their preferred department i ϵ I at day t ϵ T 
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𝑆𝑍𝑡,𝑖,𝑗 = number of patients of department i ϵ I that are staying longer than 24 hours at a wrong fixed 

department j ϵ J {N} at day t ϵ T 

𝑆𝐹𝑡,𝑖,𝑗 = number of patients of department i ϵ I that are staying longer than 24 hours at a flex 

department j ϵ J {K} at day t ϵ T 

𝑌𝑍𝑡,𝑖,𝑗= newly arrived patients of department i ϵ I that will be placed at a wrong fixed department j ϵ J 

{N} at day t ϵ T 

𝑌𝐹𝑡,𝑖,𝑗 = newly arrived patients of department i ϵ I that will be placed at a flex department j ϵ J {K} at 

day t ϵ T 

Parameters: 

𝑃𝑆𝑍𝑖,𝑗 = penalty for a longer stay than 24 hours on another fixed department j ϵ J {N} than its own i ϵ I 

𝑃𝑆𝐹𝑖,𝑗 = penalty for a longer stay than 24 hours on a flex department j ϵ J {K} instead of its own 

department iϵ I 

𝑃𝑅𝑍𝑖,𝑗 = penalty for relocating patients from a wrong fixed department j ϵ J {N} to its own department 

i ϵ I 

𝑃𝑅𝐹𝑖,𝑗 = penalty for relocating patients from a flex department j ϵ J {K} to its own department i ϵ I 

Model formulation 

Decision variables: 

𝐵𝑗      for all j=1,..,N+K   

𝑋𝑡,𝑖,𝑗       for all i=1,..,N; j=1,..,N+K and t=1,..,T 

𝑂𝑖,𝑡, 𝑌𝑡,𝑖, 𝑆𝑡,𝑖      for all i=1,..,N and t=1,..,T 

𝑅𝑍𝑡,𝑖,𝑗 , 𝑌𝑍𝑡,𝑖,𝑗, 𝑆𝑍𝑡,𝑖,𝑗    for all i=1,..,N, j=1,…,N and t=1,..,T 

𝑌𝐹𝑡,𝑖,𝑗, 𝑅𝐹𝑡,𝑖,𝑗, 𝑆𝐹𝑡,𝑖,𝑗     for all i=1,..,N, j=N+1,…,N+K and t=1,..,T 

Objective function: 

The objective is to minimize the total costs of patients that are allocated, the costs of occupying 

hospital beds and the costs of relocating patients and the 24-hour penalty costs for both fixed and flex 

departments. 

min ∑ ∑ ∑ 𝑋𝑡,𝑖,𝑗 ∗ 𝐶𝑖,𝑗

𝑗𝑖𝑡

+ ∑ 𝐵𝑗
𝑗

∗ 𝐶𝐵 + ∑ ∑ ∑(𝑆𝑍𝑡,𝑖,𝑗 ∗ 𝑃𝑆𝑍𝑖,𝑗 + 𝑅𝑍𝑡,𝑖,𝑗 ∗ 𝑃𝑅𝑍𝑖,𝑗)

𝑁

𝑗=1𝑖𝑡

+ ∑ ∑ ∑ (𝑆𝐹𝑡,𝑖,𝑗 ∗ 𝑃𝑆𝐹𝑖,𝑗

𝐾+𝑁

𝑗=𝑁+1𝑖𝑡

+ 𝑅𝐹𝑡,𝑖,𝑗 ∗ 𝑃𝑅𝐹𝑖,𝑗) 

Constraints: 

From the basic model:  

∑ 𝐵𝑗𝑗 ≤ 𝐵𝑀   for j=1,..,N+K     (1) 
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∑ 𝑋𝑡,𝑖,𝑗 ≤  𝐵𝑗𝑖     for i=1,…,N, j=1,..,N+K and t=1,..,T  (2) 

∑ 𝑋𝑡,𝑖,𝑗 =  𝐷𝑡,𝑖𝑗    for i=1,…,N, j=1,..,N+K and t=1,..,T  (3) 

𝐵𝑗; 𝑋𝑡,𝑖,𝑗 ≥ 0   for i=1,…,N, j=1,..,N+K and t=1,..,T  (4) 

For the ‘wrong’ fixed departments: 

𝑌𝑍𝑡,𝑖,𝑗 = 𝑋𝑡,𝑖,𝑗 − 𝑋𝑡−1,𝑖,𝑗 + 𝑅𝑍𝑡,𝑖,𝑗  for 𝑖 ≠ 𝑗, i=1,..,N, j=1,..,N and t=1,..,T  (5) 

𝑆𝑍𝑡,𝑖,𝑗 = 𝑋𝑡,𝑖,𝑗 − 𝑌𝑍𝑡,𝑖,𝑗     for 𝑖 ≠ 𝑗, i=1,..,N, j=1,..,N and t=1,..,T  (6) 

𝑆𝑍𝑡,𝑖,𝑗 ≤ 𝑋𝑡−1,𝑖,𝑗     for 𝑖 ≠ 𝑗, i=1,..,N, j=1,..,N and t=1,..,T  (7) 

For the flex departments: 

𝑌𝐹𝑡,𝑖,𝑗 = 𝑋𝑡,𝑖,𝑗 − 𝑋𝑡−1,𝑖,𝑗 + 𝑅𝐹𝑡,𝑖,𝑗   i=1,..,N, j=N+1,..,N+K and t=1,..,T  (8) 

𝑆𝐹𝑡,𝑖,𝑗 = 𝑋𝑡,𝑖,𝑗 − 𝑌𝐹𝑡,𝑖,𝑗     i=1,..,N, j=N+1,..,N+K and t=1,..,T  (9) 

𝑆𝐹𝑡,𝑖,𝑗 ≤ 𝑋𝑡−1,𝑖,𝑗     i=1,..,N, j=N+1,..,N+K and t=1,..,T  (10) 

General check: 

𝑊𝑡,𝑖 = ∑ 𝑋𝑡,𝑖,𝑗𝑗≠𝑖     i=1,..,N and for t=1,..,T    (11) 

𝑌𝑡,𝑖 = 𝑋𝑡−1,𝑖,𝑖 + 𝐴𝑡,𝑖 − 𝐿𝑡,𝑖 − 𝐵𝑖 + 𝑂𝑡,𝑖  for t=1,..,T and i=1,..,N    (12) 

𝑊𝑡,𝑖 = 𝑌𝑡,𝑖 + 𝑆𝑡,𝑖    for t=1,..,T and i=1,..,N    (13) 

𝑅𝑡,𝑖 = 𝑊𝑡−1,𝑖 − 𝑊𝑡,𝑖 + 𝑌𝑡,𝑖   for t=1,..,T and i=1,..,N    (14) 

𝑌𝑡,𝑖 = ∑ (𝑌𝑍𝑡,𝑖,𝑗 + 𝑌𝐹𝑡,𝑖,𝑗)𝑗    for j=1,..,N+K, i=1,..,N and t=1,..,T  (15) 

𝑅𝑡,𝑖 = ∑ (𝑅𝑍𝑡,𝑖,𝑗𝑗 + 𝑅𝐹𝑡,𝑖,𝑗)   for j=1,..,N+K, i=1,..,N and t=1,..,T  (16) 

𝑆𝑡,𝑖 = ∑ (𝑆𝑍𝑡,𝑖,𝑗𝑗 + 𝑆𝐹𝑡,𝑖,𝑗)   for j=1,..,N+K, i=1,..,N and t=1,..,T  (17) 

𝑆𝑡,𝑖, 𝑌𝑡,𝑖, 𝑅𝑡,𝑖 , 𝑂𝑡,𝑖  ≥ 0    for i=1,..,N and t=1,..,T    (18) 

𝑌𝑍𝑡,𝑖,𝑗, 𝑅𝑍𝑡,𝑖,𝑗 ≥ 0    for i=1,..,N, j=1,..,N and t=1,..,T   (19) 

𝑌𝐹𝑡,𝑖,𝑗, 𝑅𝐹𝑡,𝑖,𝑗 ≥ 0    for i=1,..,N, j=N+1,..,N+K and t=1,..,T   (20) 

Description new constraints: 

5) The newly arrived patients that are placed at a wrong fixed department equal the number of 

patients of i ϵ I at a wrong fixed department j ϵ J {N} at day t ϵ T minus the number of patients 

of i ϵ I at a wrong fixed department j ϵ J {N} at day t-1 ϵ T plus the number of patients that are 

being relocated to department i ϵ I at day t ϵ T. 

6) The number of patients of department i ϵ I that are staying longer than 24 hours at a wrong 

fixed department j ϵ J {N}  at day t ϵ T equals the number of patients on day t ϵ T for department 

i ϵ I that are located on another fixed department j ϵ J {N} minus the number of newly arrived 

patients for department i ϵ I that are placed at a wrong fixed department j ϵ J {N} at day t ϵ T. 

7) The number of patients of department i ϵ I that stay longer than 24 hours at a wrong fixed 

department j ϵ J {N} at day t ϵ T should be equal or smaller to the number of patients of 

department i ϵ I that were located at a wrong fixed department j ϵ J {N} at day t-1 ϵ T. 
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8) The newly arrived patients of department i ϵ I that are placed at a flex department j ϵ J {K} at 

day t ϵ T equals the number of patients of i ϵ I at a flex department j ϵ J {K} at day t ϵ T minus 

the number of patients of i ϵ I at a flex department j ϵ J {K} at day t-1 ϵ T plus the number of 

patients that are being relocated from the flex department j ϵ J {K}  to department i ϵ I at day 

t ϵ T. 

9) The number of patients of department i ϵ I that are staying longer than 24 hours at a flex 

department j ϵ J {K} at day t ϵ T equals the number of patients on day t ϵ T for department i ϵ I 

that are located at a flex department j ϵ J {K} minus the number of newly arrived patients of 

department i ϵ I that are placed at a flex department j ϵ J {K} at day t ϵ T. 

10) The number of patients of department i ϵ I that stay longer than 24 hours at a flex department 

j ϵ J {K} at day t ϵ T should be equal or smaller to the number of patients of department i ϵ I 

that were located at a flex department j ϵ J {K} at day t-1 ϵ T. 

11) The number of wrongly placed patients for department i ϵ I at day t ϵ T equals the summation 

of patients of department i ϵ I that are placed at all departments j ϵ J except j=i. 

12) The number of newly arriving patients that cannot be placed at their preferred department i ϵ 

I at day t ϵ T equals the number of patients from i ϵ I that were allocated to department i ϵ I at 

day t-1 ϵ T, plus the arriving patients and minus the discharged patients from department i ϵ I, 

minus the number of beds plus the number of beds that have not been used yet at day t ϵ T. 

13) The number of wrongly placed patients of department i ϵ I at day t ϵ T equals the number of 

newly arrived patients that cannot be placed at their preferred department i ϵ I and the 

number of patients that stay longer than 24 hours at a wrong department of department i ϵ I 

14) The number of relocated patients for department i ϵ I at day t ϵ T equals the number of wrongly 

placed patients of department i ϵ I at day t-1 ϵ T minus the number of wrongly placed patients 

department i ϵ I at day t ϵ T plus the newly arrived patients that could not be placed at its 

preferred department i ϵ I at day t ϵ T 

15) The total number of newly arriving patients of department i ϵ I that cannot be placed at its 

preferred department at day t ϵ T is the sum of the number of newly arriving patients of 

department i ϵ I who are placed at a wrong fixed department j ϵ J {N} at day t ϵ T and the 

number of newly arriving patients from department i ϵ I who are placed at a flex department j 

ϵ J {K} at day t ϵ T 

16) The total number of relocated patients of department i ϵ I at day t ϵ T is the sum of the number 

of relocated patients from a wrong fixed department j ϵ J {N} to their preferred department i 

ϵ I at day t ϵ T and the number of relocated patients from a flex department j ϵ J {K} to their 

preferred department i ϵ I at day t ϵ T 

17) The total number of patients of department i ϵ I that stay longer than 24 hours at another 

department than their own at day t ϵ T is the sum of the number of long stay patients (>24h) 

at a wrong fixed department j ϵ J {N} from department i ϵ I at day t ϵ T and the number of long 

stay patients (>24h) from a flex department j ϵ J {K} from department i ϵ I at day t ϵ T 

18-20) Non-negativity constraints: all variables should be equal or larger than zero 

4.4.5 Extension with location restriction 
Nurses and doctors are only specialized in a limited number of patients. To be able to offer high quality 

care to patients, specifically the doctors have to walk through rooms on different floors and locations 

to be able to see all patients they are responsible for. Therefore, an extra constraint will be added that 

minimizes the walking time (implicitly also walking distance) of doctors to visit all of their patients. 

For this last extension, an extension to model 4.3.3, only the objective function is extended by including 

extra costs for walking that minimizes the total walking time of doctors. This cost is added to the cost 

summation of allocating the patients to departments: 𝐶𝑖,𝑗 is replaced by (𝐶𝑖,𝑗 + 𝑇𝑖,𝑗), where 𝑇𝑖,𝑗 
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represents the penalty for walking time to be able to visit patients at other departments from 

department i ϵ I to department j ϵ J. This penalty is based on the walking distance between the different 

departments and its preferred department. 

4.5 Conclusion research model 
In this chapter, four flexibility methods have been identified that can be implemented in the LP model 

by changing the input parameters. Additionally, three restrictions have been selected concerning the 

operational aspects of working at an inpatient department within a hospital, namely 1) a restriction 

related to relocating patients to their preferred department, 2) a restriction that withholds patients 

staying for more than 24 hours at another department, and 3) location restriction to make sure the 

doctors can easily visit their patients that are located at another department. Those restrictions have 

been implemented in the LP model and some assumptions have been made. With this LP model, the 

different flexibility methods and the addition of the two criteria can be analysed. To do so, the case 

study at the Erasmus MC will be introduced, after which the LP model can be applied to that specific 

situation. 
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5. Case description 
The LP model as designed in Chapter 4 will be applied to a case study at the Dijkzigt department of the 

Erasmus Medical Centre, Rotterdam to demonstrate the effect of applying flexibility in practice. This 

chapter provides a description of the case, by including a description of the Erasmus MC, the Dijkzigt 

department as well as an analysis of the current situation at Dijkzigt.  

5.1 Erasmus Medical Centre / Dijkzigt 

5.1.1 Erasmus MC 
The Erasmus Medical Centre is a university hospital located in Rotterdam, the Netherlands. Based on 

its revenue and the number of beds, it is the largest university hospital in the Netherlands.  

Furthermore, the Erasmus MC is part of the Erasmus MC Holding, which also includes the Admiraal de 

Ruyterziekenhuis. The Havenziekenhuis used to be part of the holding but was closed in October 2017.  

The Erasmus MC counts 50 departments which are divided over 9 ‘themes’. A theme is a collaboration 

structure between departments to improve the processes within and between the departments. In 

2016, the total revenues were €1.5 billion, with 9457 FTE of employment (14000 employers), 1320 

beds, and around 200.000 patients being served. (Annual report Erasmus MC, 2016).   

After 50 years staying in the same building, the Erasmus MC has decided to move to a new building. In 

2009, the construction was started and it is planned to move all departments to the new building in 

May, 2018. The size of the new building is similar to the old building. However, it only includes large 

one-person rooms for patients to reduce the possible spread of infections and to give the patients 

more privacy. This requires changes in the processes of patient care from nurses and doctors. 

5.1.2 Dijkzigt 
Dijkzigt is the theme under consideration in this research. It consists of nine medical specialisms, 

namely allergology, surgery, plastic surgery, dermatology, geriatrics, gastroenterology (‘MDL’), internal 

medicine, rheumatology and orthopaedics.  

In 2016, Dijkzigt possessed 298 beds and employed 1837 employees. Furthermore, it performed 8.724 

day treatments, 11.249 hospitalizations and 7.108 operations (Factsheet Thema Dijkzigt, 2016). 

The Erasmus MC will move to a new building in May, 2018. Two floors have been assigned to Dijkzigt, 

resulting in 207 solely single rooms that can be used for patients of the nine specialisms belonging to 

Dijkzigt that have to be treated at the inpatient department. Two important changes have been 

decided upon. Firstly, the Erasmus MC decided to move all day treatment patients to a special 

department that is only responsible for all patients of all themes and specialisms that require a day 

treatment. This leaves only the patients that must stay at an inpatient ward that require a bed at the 

Dijkzigt department. Second, Dijkzigt decided to change its structure towards healthcare clusters in 

2017. These healthcare clusters are combinations of multiple sub-specialisms of different specialisms. 

This requires medical specialists and nurses to work together in the same department with other 

specialists, which can be both surgical and non-surgical specialisms. This reorganization resulted in the 

following five health care clusters (“Zorgkernen”) as presented in Table 1.  

This reorganization is already partly put in practise, but the relocation of the departments and the real 

collaboration between the specialisms within a cluster will only happen after moving to the new 

building. 
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Motion Gastsroenterology-
Oncology (GE) 

HPB 
(Hepato Pancreato 
Biliary) 

Systemic 
diseases 

Kidney & 
Vascular Surgery 

Surgery Surgery Surgery Allergology Surgery 

Dermatology Internal medicine Gastroenterology Surgery Dermatology 

Internal 
medicine 

Gastroenterology  Dermatology Internal 
medicine 

Orthopaedics   Geriatrics  

Plastic surgery   Internal 
medicine 

 

   Rheumatology  
Table 1 Overview of specialisms within the healthcare clusters 

5.2 Current situation 
Because the specialisms at Dijkzigt are still working independently, there is still a strong focus on the 

performances of their own specialisms and units instead of the performance of the healthcare cluster. 

As a result, limited information is known about how the patient and bed demand will be after moving 

to the new building and actually working in the healthcare clusters with different specialisms.  

At the management level of Dijkzigt, it was believed that there would be a shortage in the number of 

beds that were assigned to Dijkzigt compared to their current production. As a first step in determining 

the size of this perceived problem, the actual number of occupied beds over 2016 have been calculated 

per day. This is plotted in the graph in Figure 2 below as the blue line, and the red line is the number 

of beds (207) that Dijkzigt will have in the new building. The average number of beds being occupied 

equals 176, which will result in a bed occupancy of 85% (as aimed at) based on the 207 granted beds.  

This shows that the given number of beds should be sufficient, based on the data of 2016. Only on ten 

days, the 207 beds would not have been sufficient (max. 221). This shows that the number of allocated 

beds to Dijkzigt should be sufficient for the patient demand of Dijkzigt. 

 

Figure 2 Number of occupied beds over 2016 

Based on production data of 2015, an allocation of beds has been done to divide the 207 beds over 

the healthcare clusters as well as the specialisms within the healthcare clusters. In Figure 2, the number 

of occupied beds in 2016 per healthcare cluster is presented. The blue lines represent the number of 

patients that were in the hospital and that belonged to that specific healthcare cluster. The red line 

presents the number of beds that have been allocated to the healthcare cluster by the management 

of Dijkzigt.  
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Figure 3 Required number of beds for each healthcare cluster - 2016 

From Figure 3, it can be concluded that some healthcare clusters will get a high shortage during the 

year while other healthcare clusters have many extra beds. These large differences should be taken 

under consideration, by either changing the allocation of beds or by introducing measures to deal with 

the unbalanced demand. However, the medical staff has also be assigned to the healthcare clusters in 

November 2017, and are retrained to be able to deal with the different patient types and specialisms 

belonging to their assigned healthcare cluster. Therefore, changing the allocation of beds will have a 

large impact and introducing measures is preferred. 

It is important to realize that these graphs represent the year 2016. In 2017, a new information system 

has been introduced resulting in major gaps in the data of 2017 that still has to be recovered. It is said 

by the management of Dijkzigt that the year 2016 is representative for the year 2017. However, in 

2018 a business case has been approved for more specialized treatments, which will result in a growth 

in demand. What the consequences will be of this business case, is not known yet. 

5.3 Research fit case study 
As explained in 5.1, Dijkzigt is facing a reduction in the availability of resources. Although it was 

concluded that based on the data of 2016, the number of beds should be available, the reduction is 
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still perceived as a big challenge by the management, medical specialists and nurses. Additionally, the 

medical specialists are not willing to give their beds to other healthcare clusters in case the other 

healthcare cluster is expected to have more struggles with the limited bed capacity.  

By creating the healthcare clusters, the number of departments within Dijkzigt have been reduced 

from nine to five and is therefore, already forcing specialists to work together with other specialists. 

Therefore, it is interesting for Dijkzigt to see what flexibility can offer with respect to the available bed 

capacity and the number of hospitalizations at the healthcare clusters. This might result in possibilities 

of dealing with peak demands as well as possible growth in the future, while the number of available 

hospital beds will stay the same (207).  

In conclusion, the current situation at Dijkzigt makes Dijkzigt a good case study to apply the designed 

LP model of flexible bed allocation in Chapter 4 to.   
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6. Application 
In this chapter, the different extensions of the LP model and the different allocation strategies are 

tested and compared for the data of Dijkzigt. Before the models can be calculated, the input 

parameters will be set in 6.1. Afterwards, the data that have to be gathered and prepared are discussed 

in 6.2. When those steps have been done, the models can be calculated and the outputs will be 

presented in 6.3, where the outputs will be compared as well.  

6.1 Data gathering and preparing 
Before starting the analysis, data has to be gathered and prepared to be able to give insights in the 

current situation as well as to create a model for further analysis.  

6.1.1 Gathering 
The first step in analysing the bed capacity at Dijkzigt is to get the available data. Currently, the bed 

occupancy and the bed allocation has been determined on financial parameters, which is an indicator 

for the production of the department.  For better insights in the actual occupancy and demand of beds, 

the registration of mutations in the arrival and departure of patients will be used. Since Dijkzigt 

changed its structure to healthcare clusters, this requires a new link between this registration and the 

health diagnoses of the patients. The IT department of the Erasmus MC has been spending time to 

create this link, so the data was available for analysing the bed demand of Dijkzigt.  

Additionally, a new information system has been introduced in June 2017. This has resulted in gaps in 

the available data that are still being recovered. Therefore, data of the year 2016 has been made 

available for this research. 

6.1.2 Preparation of data 
From the data of the registration of mutations, it can be derived at what day and at what time a patient 

arrived and departed. Each patient in the dataset has been allocated to one of the healthcare clusters 

based on the health diagnoses of the patients. 

Based on this data, it can be derived how many patients were occupying a hospital bed for which 

healthcare cluster every minute of the day. Since the model has been designed on a 24-hour basis, the 

data has to be converted to the daily bed occupation, which will represent the demand for each specific 

day. Based on the number of occupied beds per hour, 10 a.m. is the busiest hour of the day at Dijkzigt. 

Therefore, 10 a.m. has been selected as the time that is considered. Every day at 10 a.m. the number 

of occupied beds is calculated, resulting in the demand for each healthcare cluster for each day. 

Additionally, the number of patients that arrived and were discharged during the following 24 hours 

have been calculated as well. These resulting lists of occupied beds, arrivals and discharges are used 

as input for the LP model.  

6.2 Input parameters 
In the LP model in 4.3, many parameters have been introduced. However, what the exact values of 

these parameters are still has to be determined. First, the sets of the parameters will be discussed in 

6.2.1 and afterwards, the costs of the model will be elaborated on in 6.2.1. 

6.2.1 Sets of parameters 
The following set of parameters have been introduced in the LP model, which can be specified to the 

case study of Dijkzigt: 

I is set of i’s and J is a set of j’s, which represent the healthcare clusters: 
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• i = j = 1 = HPB (Hepato Pancreato Biliary) 

• i = j = 2 = Kidney-Vascular (K-V) 

• i = j = 3 = Motion 

• i = j = 4 = Gastroenterology-Oncology (GE) 

• i = j = 5 = Systemic Diseases  

• I = j = till 5+K = flex departments  

• j = 5+K+1 = external, assumed to be at another section (‘Theme’) of the hospital 

T is a set of days t in the year 2016, for which 1 = January 1st, 2 = January 2nd, …, 365 = December 31th 

Additionally, the following parameters have been introduced and can be specified according to the 

case study of Dijkzigt: 

• BM = maximum number of beds = 207 

The demand, arrivals and departures at time t for each department i can be derived from the dataset 

that is obtained at the Erasmus MC as discussed in section 6.1. 

6.2.2 Overview of models and corresponding cost and penalty parameters 
In the LP model, many costs and penalties have been introduced to be able to optimize the model. 

Please note that these costs and penalties are no real costs but represent priorities in patients and 

locations. In consultation with employees of the Erasmus MC, the costs for each extension have been 

determined. On the next page, a table can be found with the selected values of the cost parameters. 

First, the cost for having a hospital bed available has been set at €10. Again, this is not representative 

for reality. However, the goal of introducing this variable is to only show the total required number of 

beds instead of always assigning the maximum number of beds because the beds are available. 

Second, the costs of locating a patient at a department have been set at €0 for its own department, €1 

for a flex department, €100 for another fixed department and €1000 for an external department 

outside Dijkzigt. These costs represent priorities, where locating a patient at its own department is 

preferred as there the most suitable educated nurses are employed. When flex departments are 

introduced, it is strongly preferred that if a patient’s preferred department is full, the patient will be 

placed at a flex bed. Additionally, if flexible beds are introduced, the aim is to place as much patients 

at its own or at a flex department instead of another fixed department. This explains the high cost 

difference between fixed and flex departments. The cost for locating a patient at another flex than its 

own are higher than another department, as the specialized flex departments already require a lot of 

flexibility from the nurses, and thus locating extra patient types at these flex departments is not 

preferred.  

Third, the costs for relocating patients and staying longer than 24 hours at a wrong department has 

similar costs. If either one of them is preferred, the costs can be set differently. If flex departments are 

introduced, depending on the size and the location of the department, different costs are incurred. In 

case of several small flex departments, located in between two adjacent department of which one of 

the departments is the preferred department, it can be perceived that the occupied bed at the flex 

department is temporarily part of the fixed department. Therefore, the costs for relocating and a long 

stay are equal to €0. If one large flex department is introduced, the patients are still located quite a bit 

away from their preferred department, which makes relocating them a bit more expensive (€5). 

However, relocating and staying longer than 24 hours at a flex department is better than at a wrong 

fixed department, as the nurses are trained to care for different patient types. 

The costs of locating will be discussed on the page after the table has been presented. 



Model Description Departments Costs basic Costs flex Costs bed Costs 24h Costs 
relocation 

Costs location 

0 Current 
allocation of beds 

All Own: €0 
Other:€100 
External: 
€1000 

Not included All: €10 All: €10 All: €10 Next to preferred location: €10 
Above/below preferred location: €10 
Same floor, but not next to each 
other: €30 
Cross floor: €30 
Other side of the different floor: €50 

1 Optimized 
allocation of beds 

All Own: €0 
Other:€100 
External: 
€1000 

Not included All: €10 All: €10 All: €10 Next to preferred location: €10 
Above/below preferred location: €10 
Same floor, but not next to each 
other: €30 
Cross floor: €30 
Other side of the different floor: €50 

2A 1 large flex for all 
departments 
together 

Flex 1: All Own: €0 
Other:€100 
External: 
€1000 

Flex: € 1 All: €10 Flex: €5 
Non-flex: 
€10 

Flex: €5 
Non-flex: 
€10 

Same as model 0 and 1, plus 
additional flex: 
To flex department: €20 

2B 2 flex 
departments: 
one on each floor 

Flex 1: HPB & GE 
Flex 2: 
K-V & Motion & 
System 

Own: €0 
Other:€100 
External: 
€1000 

Flex: € 1 
Other flex: 
€105 

All: €10 Flex: €1 
 
Non-flex: 
€10 

Flex: €1 
 
Non-flex: 
€10 

Same as model 0 and 1, plus 
additional flex: 
To flex department on same floor: €15 
Wrong flex: €30 

2C 3 flex 
departments: 
one between 
each department, 
on the same floor 

Flex 1: HPB & GE 
Flex 2: K-V & Motion  
Flex 3: K-V & System 

Own: €0 
Other:€100 
External: 
€1000 

Flex: € 1 
Other flex: 
€105 

All: €10 Flex: €0 
 
Non-flex: 
€10 

Flex: €0 
 
Non-flex: 
€10 

Same as model 0 and 1, plus 
additional flex: 
To flex department located next to 
preferred location: €5 
Wrong flex: €30 

2D 5 flex 
departments: 
one between 
each department, 
including 
above/below 

Flex 1: HPB & 
Systemic 
Flex 2: HPB & GE 
Flex 3: K-V & Motion 
Flex 4: K-V & GE 
Flex 4: K-V & System 

Own: €0 
Other:€100 
External: 
€1000 

Flex: € 1 
Other flex: 
€105 

All: €10 Flex: €0 
 
Non-flex: 
€10 

Flex: €0 
 
Non-flex: 
€10 

Same as model 0 and 1, plus 
additional flex: 
To flex department located next to 
preferred location: €5 
Wrong flex: €30 

Table 2 Input parameters - costs 



Lastly, for the costs of location, the expected minutes of walking time based on the floor map of the 

departments in the new building, costs are assigned. Each minute equals €5. Note that these are 

averages from the centre of each department to the centre of each other department and that these 

costs have been generalized. Since the healthcare clusters are already quite large in the current 

allocation (35 to 49 beds), the doctors and nurses already have to walk quite a lot. These distances are 

not taken into account and are set to €0. For departments next to or above or below the preferred 

department, two minutes of walking time are calculated which equals €10. To departments at the 

other side of the same floor, €30 have been incurred and for departments at the other side of another 

floor €50 have been selected. The location/cost matrix for the departments have been presented in 

the table below. 
 

HPB K-V Motion GE System 

HPB  €          -     €   30,00   €   50,00   €   10,00   €   10,00  

K-V  €    30,00   €         -     €   10,00   €   10,00   €   10,00  

Motion  €    50,00   €   10,00   €         -     €   30,00   €   30,00  

GE  €    10,00   €   10,00   €   30,00   €         -     €   30,00  

System  €    10,00   €   10,00   €   30,00   €   30,00   €         -    

Table 3 Location/cost matrix fixed departments 

For the flex departments, a distinction has been made between the type of flex. Several small flex 

departments next to the preferred department obtain the lowest costs (€5) as these can be part of the 

department as well. For one large flex, all costs for all patient types have been set the same, as it is not 

known yet where the large flex department will be located. Therefore, an average has been selected 

for all departments (€20). As the more flex departments are added, the better they will be located to 

the preferred department, which leads to lower costs.  

6.3 Output LP models 
Now the input parameters are determined and the data has been prepared, an analysis can be done 

to compare the different extensions of the LP model as presented in 4.3.1 until 4.3.4 as well as compare 

the different flexibility models. Therefore, three outputs have been generated for each flexibility 

model, namely 1) solely flex, 2) flex combined with 24 hour/replacement penalty, 3) flex combined 

with 24 hour/replacement penalty and location restrictions. The output of these three LP models will 

be discussed separately and afterwards, will be compared.  

For the KPIs relocated patients and long stay (>24h), a distinction is made between patients at a wrong 

fixed department and patients at a flex department. The number before the brackets represents the 

relocated patients from a wrong fixed department and the patients that stayed longer than 24 hours 

at another fixed department, while the numbers in between brackets represents the patients placed 

at flex departments. 

6.3.1 Output model - Basic allocation 
The first LP model as described in section 4.3 are the optimisation of bed allocation (4.3.2) and the 

addition of flexible beds (4.3.3). The results for the different flexibility models are presented in Table 

4 below. 

When comparing the different models based on the percentage of patient days that have to be placed 

at a wrong healthcare cluster or external, it can be concluded that the allocation as currently be 

determined by the Erasmus MC (model 0) gives the worst results with a percentage of 1.8%. Although 

this percentage is on average quite small, there are large differences between the five healthcare 

clusters which is not preferred. 
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Solely flex #beds  #bed 
days 
flex per 
year 

#bed 
days at 
other 
cluster 
per 
year 

#bed 
days 
extern 
per 
year 

% 
beddays 
short 
 (= other 
cluster or 
external) 

Average 
bed 
occupancy 
over the 
year 

# 
relocated 
patients 
per year 

#long 
Stay 
>24h per 
year 

Total 
walking 
time 
(minutes) 

Model 
0 

HPB 40   27 0 0.3% 75.8% 27 0  202  

K-V 38 
 

336 3 2.7% 89.5% 339 0  1.152  

Motion 49 
 

14 4 0.1% 78.1% 18 0  96  

GE 43 
 

734 7 4.9% 91.5% 741 0  3.200  

System 37 
 

104 1 1.0% 75.8% 105 0  384  

Total 207 n.a. 1215 15 1.8% 82.1% 1230 0  5.034  

Model 
1 

HPB 36  147 0 1.4% 81.3% 61 86  870  

K-V 41  111 1 0.9% 84.8% 83 29  338  

Motion 45  92 6 0.7% 83.1% 71 27  508  

GE 50  152 4 1.0% 81.7% 102 54  576  

System 35  156 4 1.6% 77.1% 62 98  592  

Total 207 n.a. 658 15 1.1% 82.1% 379 294  2.884  

Model 
2a 

HPB 33 359 0 0 0.0% 86.0% 0 (127) 0 (232)  1.436  

K-V 36 574 2 6 0.1% 91.8% 8 (240) 0 (334)  2.300  

Motion 40 473 0 2 0.0% 90.0% 2 (237) 0 (236)  1.892  

GE 43 732 5 4 0.1% 91.3% 9 (314) 0 (418)  2.958  

System 50 524 0 3 0.0% 86.6% 2 (205) 1 (319)  2.096  

Flex 1 25 - - - - 29.1% - -  

Total 207 2662 7 15 0.0% 82.1% 21(1123) 1(1539)  10.682  

Model 
2b 

HPB 28 1073 11 11 0.2% 94.4% 15 (258) 7 (815)  3.309  

K-V 34 919 12 2 0.1% 94.4% 11 (326) 3 (593)  2.813  

Motion 39 598 12 2 0.1% 91.5% 11 (267) 3 (331)  1.892  

GE 43 716 29 0 0.2% 91.5% 26 (301) 3 (415)  2.314  

System 28 791 28 0 0.3% 90.1% 20 (276) 8 (514)  2.485  

Flex 1 16     30.5%    

Flex 2 19     33.2%    

Total 207 4097 92 15 0.2% 82.1% 83(1428) 24(2668)  12.813  

Model 
2c 

HPB 29 885 10 4 0.1% 93.0% 9 (234) 5 (651)  981  

K-V 26 3202 12 1 0.1% 99.4% 10 (557) 3 (2639)  3.257  

Motion 41 350 16 3 0.1% 88.7% 15 (178) 4 (172)  488  

GE 43 709 29 7 0.2% 91.5% 30 (295) 6 (414)  922  

System 29 629 30 0 0.3% 88.5% 18 (236) 12 (393)  781  

Flex 1 15     29.0%    

Flex 2 9     46.8%    

Flex 3 15     48.1%    

Total 207 5775 97 15 0.2% 82.1% 82(1500) 30(4269)  6.429  

Model 
2d 

HPB 24 2104 1 1 0.0% 98.3% 2 (379) 0 (1725)  2.114  

K-V 24 3915 0 1 0.0% 99.7% 1 (584) 0 (3323)  3.915  

Motion 43 186 5 5 0.1% 85.6% 10 (114) 0 (72)  226  

GE 43 736 3 6 0.1% 91.4% 9 (316) 0 (420)  754  

System 25 1402 9 2 01% 94.2% 9 (422) 2 (976)  1.456  

Flex 1 12     42.5%    

Flex 2 10     40.5%    

Flex 3 8     50.2%    

Flex 4 7     52.3%    

Flex 5 11     54.3%    

Total 207 8343 18 15 0.1% 82.1% 31(1815) 2 (6516)  8.465  
Table 4 Output LP model 4.3.1 and 4.3.2 
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By allocating the beds differently, as in model 1, the percentage can already be reduced to 1.1%, 

without applying any flexibility strategy.  Adding flexible beds will further improve the results when 

looking at the number of patients that have been allocated to other healthcare clusters than their own. 

This is logical, since most patients that do not fit on their own cluster will be allocated to a flexible bed, 

instead of another healthcare cluster. When comparing the flexibility models, model 2a performs best 

with a percentage of 0.0%. This can be explained since all healthcare clusters can send their patients 

to one large buffer department, which leads to the highest flexibility. 

If the KPIs of relocating and long stay (>24hours) are compared, it is notable that model 0 does not 

have any patients that stay longer than 24 hours at a wrong department, while for all other allocations 

models, patients do. However, the number of patients that are being relocated is significantly higher 

than the other models, which shows that quite some patients who are not placed at their preferred 

department at first (1.8%) are quickly relocated with this fixed allocation. The other models have less 

patients that will be located at other departments, however, if a patient is located there, there is a 

bigger chance that this patient will stay there for a longer period of time. For the flexibility models, the 

more flexible beds are allocated, the higher the number of patients that are being relocated from a 

flex department or that are staying longer at a flex department. However, model 2a has the lowest 

numbers for both KPIs compared to the other three flexibility models, followed by model 2d. 

For the last KPI, walking time, model 1 obtains the lowest value. Creating flex departments means that 

more patients will be located at other departments than their own, as they will frequently be placed 

at flex departments. Therefore, all flexibility models (2a-2d) perform worse than the fixed allocation 

models (0-1). From the flexibility models, model 2c with three flex departments performs best. This 

can be explained as these flex departments are located next to its preferred departments and 

therefore, results in limited walking time to these flex departments.  

Note that when looking at the bed occupancy rates, the more flexible beds are created, the higher the 

bed occupancy rates at the fixed departments. This is logical, as the patient demand for a department 

is higher than there are fixed beds available. Therefore, all these beds are frequently occupied. The 

flex departments have a much lower bed occupancy rate, as these departments act as a buffer. 

Overall, it can be concluded that the flexibility models perform better than the fixed allocation models 

when looking at the percentages of patients not placed at its preferred departments and the relocation 

and long stay criteria. However, if walking time is a main criterion, the fixed models are outperforming 

the flexibility models. From the flexibility models, model 2a and model 2c have the best scores on 

individual criteria. When taking all criteria into account, model 2d performs best, as it scores second 

on all KPIs.   

6.3.2 Output Model - Relocation and 24-hour penalties 
The second output model is an extension of the previous model, as now it includes a penalty for 

relocating patients as well as having patients longer than 24 hours at another department than their 

own. The output for the different flexibility models is presented in Table 5. 

Similar to the output as presented in 6.3.1, model 0 performs badly at the percentage of patients that 

are not placed at their preferred department (1.8%). The flexible allocation methods all perform 

significantly better (0.0-0.1%). When looking at the added optimization criteria of the number of 

relocated patients and the long stay (>24h), it is concluded that the more flex is included, the lower 

these KPI outputs are for the patients from the wrong fixed departments. This means that model 2d 

performs best on these KPIs. Lastly, when considering the walking time, the fixed allocation models 

still outperform the flexible allocation models. Similar to the results in 6.3.1, model 2c has the lowest 
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walking time of the three flexibility methods. Note that small differences can be found in the outputs 

of this model compared to the previous model. As the allocation to other departments might be just 

as expensive, a new calculation leads to a new allocation of patients to different departments. The 

averages however, stay the same. 

In conclusion, the flexibility models perform best when considering the three criteria that have been 

taken into account in this model (% bed days short, #relocated patients, #long stay). Model 2c and 2d 

are competing, as 2d scores a little better on the number of relocated patients and the number of 

patients that stayed longer than 24hours. However, when also looking at the walking time, model 2c 

performs betters. 

Flex & 24 hour #beds  #bed 
days 
flex 
per 
year 

#bed 
days 
at 
other 
cluster 
per 
year 

#bed 
days 
extern 

per 
year 

% 
beddays 
short  
(= other 
cluster of 
external) 

Average 
bed 

occupancy 

# 
relocated 
patients 
per year 

#long 
Stay 
>24h 
per 

year 

Total 
walking 

time 
(minutes) 

Model 
0 

HPB 40   27 0 0,3% 75,6% 15 12  178  

K-V 38 
 

339 0 2,7% 89,6% 172 167  1.102  

Motion 49 
 

18 0 0,1% 77,9% 15 3  156  

GE 43 
 

726 15 4,9% 91,7% 323 418  3.172  

System 37 
 

105 0 1,0% 75,8% 42 63  374  

Total 207 n.a. 1215 15 1,8% 82,1% 567 663  4.982  

Model 
1 

HPB 36 
 

147 0 1,4% 81,5% 61 86  778  

K-V 41 
 

112 0 0,9% 84,7% 83 29  344  

Motion 45 
 

91 7 0,7% 83,0% 71 27  542  

GE 50 
 

148 8 1,0% 82,5% 102 54  528  

System 35 
 

160 0 1,6% 78,0% 62 98  608  

Total 207 n.a. 658 15 1,1% 82,1% 379 294  2.800  

Model 
2a 

HPB 34 272 1 0 0,0% 84,2% 1 (99) 0 (173)  1.090  

K-V 37 439 0 7 0,1% 90,3% 7 (197) 0 (242)  1.756  

Motion 42 255 9 5 0,1% 87,1% 12 (149) 2 (106)  1.074  

GE 46 396 6 0 0,0% 87,4% 6 (201) 0 (195)  1.608  

System 31 405 12 3 0,1% 84,8% 12 (159) 0 (246)  1.672  

Flex 1 17 
    

28,4% - -  

Total 207 1767 28 15 0,1% 82,1% 38 (805) 5 (962)  7.200  

Model 
2b 

HPB 29 892 2 0 0,0% 92,8% 2 (236) 0 (656)  2.806  

K-V 36 574 2 6 0,1% 91,8% 8 (240) 0 (334)  1.774  

Motion 40 472 3 0 0,0% 90,0% 3 (236) 0 (236)  1.467  

GE 44 604 0 9 0,1% 90,1% 7 (275) 2 (329)  1.854  

System 29 658 0 0 0,0% 88,4% 0 (253) 0 (405)  2.082  

Flex 1 14 
    

29,3% - -  

Flex 2 15 
    

30,9% - -  

Total 207 3200 7 15 0,0% 82,1% 20 (1240) 2(1960)  9.983  

Model 
2c 

HPB 28 1084 0 6 0,1% 94,2% 4 (262) 2 (822)  1.259  

K-V 26 3209 0 4 0,0% 99,4% 4 (563) 0(2640)  3.284  

Motion 41 358 6 0 0,0% 88,6% 6 (190) 0 (168)  464  

GE 43 736 0 5 0,0% 91,3% 5 (318) 0 (418)  821  

System 29 658 0 0 0,0% 88,4% 0 (253) 0 (405)  838  

Flex 1 16 
    

31,1% - -  

Flex 2 9 
    

48,2% - -  

Flex 3 15 
    

48,0% - -  

Total 207 6045 6 15 0,0% 82,1% 19 (1586) 2(4453)  6.666  
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Model 
2d 

HPB 24 2105 1 0 0,0% 98,3% 1 (379) 0(1726)  2.115  

K-V 24 3910 2 4 0,0% 99,7% 6 (579) 0(3323)  3.915  

Motion 43 192 0 4 0,0% 85,5% 2 (123) 2 (69)  217  

GE 43 734 0 7 0,0% 91,3% 7 (316) 0 (418)  749  

System 25 1413 0 0 0,0% 94,2% 0 (430) 0 (979)  1.458  

Flex 1 12 
    

44,6% - -  

Flex 2 10 
    

38,1% - -  

Flex 3 8 
    

47,8% - -  

Flex 4 7 
    

51,5% - -  

Flex 5 11 
    

56,7% - -  

Total 207 8354 3 15 0,0% 82,1% 16 (1827) 2(6515)  8.453  
Table 5 Output LP model 4.3.3 

 

6.3.3 Output Model – Relocation, 24 hour and walking time penalty 
The third model is the bed allocation model combined with flexibility, relocation and 24-hour policy as 

well as location constraints. Again, the results for the different flexibility models are shown in Table 6 

When including extra costs for location as walking time, the fixed models still outperform the flexible 

allocation methods, similarly to the models where these costs were not incorporated yet. However, 

not that the walking times have been significantly reduced compared to outputs of the two previous 

models. From the flexibility models, model 2c has the lowest walking time followed by model 2d, but 

their walking times are still higher than both fixed models 0 and 1. However, the flexible allocation 

models clearly outperform the fixed models when looking at the percentages of patients placed at 

another healthcare cluster or external, where model 2a and 2d perform best (0.2%). When analysing 

the number of relocations and long stays, model 2a obtains the lowest values followed by model 2d. 

 

 

flex & 24h & 
location 

#beds  #bed 
days 
flex 
per 
year 

#bed 
days at 
other 
cluster 
per 
year 

#bed 
days 
external 
per year 

% 
beddays 
short (= 
other 
cluster of 
external) 

Average 
bed 
occupancy 

# 
relocated 
patients 
per year 

#long 
Stay 
>24h per 
year 

Total 
walking 
time 
(minutes) 

Model 
0 

HPB 40   27 0 0,3% 77,0% 15 12  70  

K-V 38 
 

339 0 2,7% 90,2% 172 167  690  

Motion 49 
 

18 0 0,1% 76,9% 15 3  108  

GE 43 
 

726 15 4,9% 91,7% 323 418  1.716  

System 37 
 

105 0 1,0% 75,1% 42 63  230  

Total 207 n.a. 1215 15 1,8% 82,1% 567 663  2.814  

Model 
1 

HPB 36 
 

147 0 1,4% 81,4% 61 86  322  

K-V 41 
 

112 0 0,9% 85,1% 83 29  224  

Motion 45 
 

91 7 0,7% 82,5% 71 27  370  

GE 50 
 

150 6 1,0% 82,6% 102 54  400  

System 35 
 

158 2 1,6% 78,2% 62 98  328  

Total 207 n.a. 658 15 1,1% 82,1% 379 294  1.644  

Model 
2a 

HPB 34 252 21 0 0,2% 84,4% 15 (94) 6 (158)  1.050  

K-V 39 234 16 0 0,1% 87,3% 16 (133) 0 (101)  968  

Motion 43 180 5 11 0,1% 85,5% 13 (111) 3 (69)  734  

GE 48 227 24 0 0,2% 84,7% 20 (127) 4 (100)  972  

System 33 215 42 4 0,5% 81,1% 26 (86) 20 (129)  944  

Flex 1 10 
    

30,3% - -  

Total 207 1108 108 15 0,2% 82,1% 90 (551) 33 (557)  4.668  
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Model 
2b 

HPB 34 238 31 4 0,3% 84,7% 21 (84) 14 (154)  791  

K-V 37 401 45 0 0,4% 90,6% 36 (183) 9 (218)  1.305  

Motion 42 265 0 4 0,0% 87,1% 4 (153) 0 (112)  813  

GE 47 258 56 6 0,4% 86,3% 42 (135) 20 (123)  949  

System 32 279 55 1 0,6% 83,1% 29 (111) 27 (168)  955  

Flex 1 6 
    

22,0% - -  

Flex 2 9 
    

29,1% - -  

Total 207 1441 187 15 0,3% 82,1% 132 (666) 70 (775)  4.813  

Model 
2c 

HPB 32 443 29 1 0,3% 88,2% 18 (141) 12 (302)  501  

K-V 33 1174 20 0 0,2% 95,6% 15 (391) 5 (783)  1.214  

Motion 43 170 20 6 0,2% 85,5% 23 (104) 3 (66)  305  

GE 45 445 48 8 0,4% 88,9% 45 (199) 11 (246)  545  

System 30 473 62 0 0,6% 86,7% 29 (182) 33 (291)  597  

Flex 1 10 
    

24,8% - -  

Flex 2 4 
    

34,6% - -  

Flex 3 10 
    

35,3% - -  

Total 207 2705 179 15 0,3% 82,1% 130(1017) 64(1688)  3.162  

Model 
2d 

HPB 30 723 19 0 0,2% 91,5% 13 (204) 6 (519)  761  

K-V 33 1183 11 0 0,1% 95,5% 11 (385) 0 (798)  1.205  

Motion 43 177 13 6 0,1% 85,5% 15 (110) 4 (67)  258  

GE 45 451 44 6 0,3% 88,8% 42 (200) 8 (251)  543  

System 30 481 45 3 0,5% 86,7% 24 (184) 24 (297)  571  

Flex 1 5 
    

31,1%    

Flex 2 7 
    

27,4%    

Flex 3 5 
    

31,8%    

Flex 4 3 
    

35,2%    

Flex 5 6 
    

35,4%    

Total 207 3015 132 15 0,2% 82,1% 105(1083) 42(1932)  3.338  
Table 6 Output LP model 4.3.4 

Overall, it can be concluded that similar conclusions can be drawn from the previous models, namely 

that when incorporating location, the fixed allocation models perform best. For the other criteria, 

model 2a outperforms the other models, followed by model 2d. 

6.3.4 Comparison output different extensions of the basic LP model 
When extending the complexity of the model by including more real-life criteria, the performance of 

the models become more balanced over the multiple KPIs. When looking at the percentages of patients 

not placed at their preferred departments, the performance gets worse as the values increase. Placing 

patients at their own healthcare clusters is more cost effective than placing patients at another 

healthcare cluster or a flex department, as the latter will result in extra time and cost for visiting these 

patients at other locations. The result is that more beds are assigned to the healthcare clusters instead 

of the flexible departments and consequently, the number of patients that cannot be placed at their 

own cluster or flex bed also increases. 

However, when incorporating the operational criteria, the number of patients being relocated, patients 

that stay longer than 24 hours at a wrong department and the walking time are decreasing. As more 

criteria are considered, a trade-off has to be made between the criteria, resulting indeed in a little 

increase in the percentage of patients not placed at its preferred (flex) department and the number of 

relocations and long stay, compared to the models where location was not taken into account yet. 

However, the walking time has been significantly reduced when including this constraint.  

The fixed allocation models are outperformed on all criteria for all models, except for the walking time 

criteria, both in the LP models where location or walking time is and is not optimized. However, the 

inclusion of walking time results in significant improvements for all models compared to the basic 
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model. For the other criteria, models 2a and 2d are competing, as they both obtain low percentages 

of patients that had to be placed at other fixed or external departments than preferred and they both 

have low values for the number of replacements and number of patients that stay longer than 24 hours 

at another department. However, when considering location as well, it can be concluded that model 

2d performs best. It should be noted that this conclusion can be different if other criteria are seen as 

more important than others.  

6.4 Validating results 
After comparing the different extensions of the LP model, the model should be validated before further 

conclusions can be drawn. However, the availability of data is limited as the Erasmus MC recently 

switched to a new information system. Furthermore, the reorganization to healthcare clusters is still 

going on and only a few insights are available on how the demand will be for these newly formed 

healthcare clusters. The managers of these clusters are eager to receive more insights, but that makes 

it hard to validate the results based on data and experience. 

However, the results of the optimized fixed allocation model have been confirmed by a Business 

Controller who is employed at Dijkzigt. The financial results of the last three months of 2017 have been 

retrieved from the system, which shows indeed a higher demand for the GE Oncology healthcare 

cluster and a lower demand for the Motion cluster. This is also confirmed in the optimized model, as 

GE receives more hospital beds compared to the given bed allocation by the Erasmus MC. 

The validation of the addition of flexible departments is not possible to do with the current knowledge 

of the healthcare cluster, the new building and the lack of available data. Therefore, the robustness of 

the model will be tested in the next chapter, by analysing different scenarios.  

6.5 Conclusion 
After the input parameters and variables have been set and the data has been prepared, the three 

combinations of the LP model have been analysed for the six flexibility methods, varying from no 

flexibility to five flexibility departments. It was concluded that the models with one large flex 

department and with five small flex departments outperform the fixed allocation and the other two 

flexibility strategies for Dijkzigt. However, it should be noted that this result is dependent on the 

selection of cost parameters. To test the robustness of the model, three scenarios will be analysed in 

chapter 7. 

Although the most complex model (4.3.3) leads to worse results than the other two models, it contains 

most operational criteria. Therefore, the scenarios in Chapter 7 will only be calculated with this last 

model. Furthermore, the flexibility models 2a and 2d outperformed the other models. Consequently, 

those two models will also be selected for the scenario analysis. It is expected that models 2b and 2c 

will perform similarly to the models 2a and 2d, as the number of flex departments for models 2b and 

2c are in between the number of flex departments of 2a and 2d. Similarly, the output of the models 

2b and 2c will expectedly be in between the output of models 2a and 2d.  
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7. What-if scenarios 
In this chapter, three different scenarios will be analysed to check the robustness of the flexibility 

methods and the designed LP model. First, an elaboration on the scenario selection will be given (7.1). 

Afterwards, each scenario will be discussed individually, starting with seasonality (7.2) and followed by 

growth (7.3) and length of stay reduction (7.4).  

7.1 Scenario elucidation 
In chapter 6, three different flexible allocation models have been compared to two fixed allocation 

models. However, the outputs of the models are strongly dependent on the selected input parameters 

as presented in 6.1.2 and the given dataset by Dijkzigt. The selection of input parameters has been 

done in cooperation with Dijkzigt. However, since the healthcare clusters at Dijkzigt are a result of a 

reorganization that is still taking place, it is hard to validate the results as the medical specialists and 

managers are not aware yet of the possible bottlenecks with respect to hospital beds for their 

healthcare clusters. Furthermore, a single year of data is available which gives for all outputs the same 

number of patients and consequently, the same amount of days at which problems occur in the 

availability of beds. Although this makes it possible to compare the models, it also shows that the data 

is limited. Lastly, the analysis is done on a yearly basis based on existing data. This indirectly shows 

what a better allocation would have been after the year has passed and the data is known, instead of 

predicting what the best allocation would be based on different arrivals and lengths of stay of patients.  

Therefore, it would be interesting to analyse some scenarios that reacts to changes in the input dataset 

for the LP model. To be able to compare it with the outputs of Chapter 6, the same input parameters 

will be used. Three scenarios have been found interesting: 

1) Seasonality 

What happens if seasonality is used to select time periods (of a few weeks or months) during 

the year? Ideally, the bed allocation could change per day, but this is not realistic as medical 

specialists prefer a certainty of the available beds for their patients. Therefore, time periods 

can be selected based on seasonality to shows its difference in performance. 
 

2) Growth 

The data currently used is fixed. However, how would the model react in case the number of 

patient in the system grows? And what would this mean for the number of fixed and flexible 

beds? A fixed percentage growth can be added to the dataset, resulting in a new dataset. 
 

3) Reduction Length of stay 

The model assumes that the patient types are similar for the healthcare clusters and that 

flexibility will be a way to deal with a reduction in the number of available beds. However, 

departments at the hospitals can also take measures to reduce the demand for hospital beds, 

such as reducing the length of stay of certain patient groups.  A reduction in the length of stay 

would only be beneficial if also growth occurs in the number of patients that are hospitalized. 

Therefore, it would be interesting to see how the model reacts to a reduction in the length of 

stay for the growth models as presented in the second scenario ‘Growth’.  

To improve the reliability of the dataset, the existing dataset has been shuffled. Within each healthcare 

clusters, the arrival dates of the patients stayed the same, but were linked to another length of stay 

that occurred in the dataset. This creates a new dataset which takes the possibility into account that 

different patients arrived at a certain day than they actually did. 
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7.2 Scenario 1: Seasonality 
In the healthcare industry, there are seasonal patterns to be found with respect to the number of 

arrivals. There are small peaks and dips during the weeks due to lower bed occupation during the 

nights and weekends. However, seasonality focusses on the yearly patterns. These patterns can 

already be detected in Figure 1 and Figure 2 in Chapter 5, where the number of used beds in 2016 is 

presented. 

7.2.1 Seasonality factors 
Seasonality factors are a way to identify the strength of the seasonality. According to (Nahmias, 2008) 

at least two years is required to be able to detect seasonality. Therefore, data of the year 2015 has 

been gathered and was added to the 2016 dataset to identify the seasonal patterns. Since it can be 

assumed that there were hardly any trends between 2015 and 2016 according to Dijkzigt, the method 

of Nahmias (2008) has been used to calculate the seasonality factors. It was said at Dijkzigt that the 

seasonal patterns are strongly depended on the school holidays. The seasonality factors for Dijkzigt 

and each healthcare cluster for each time period till a school holiday are presented in the table below.  

 Dijkzigt HPB K-V Motion GE System 

End of Christmas holiday 0,71 0,88 0,59 0,68 0,61 0,8 

January till Carnival holiday 1,04 1,07 1,15 1,03 0,88 1,11 

Carnival holiday 1,04 1,03 1,09 1,03 0,97 1,16 

End of Carnival till May holiday 1,05 1,06 1,04 1,05 1,01 1,11 

May holiday 0,96 0,83 1,05 1,08 0,87 0,98 

May holiday till Summer holiday 0,99 0,99 1,05 0,99 0,99 0,93 

Summer holiday 0,91 0,91 0,9 0,92 0,94 0,92 

End of summer holiday till autumn holiday 1,02 1,08 0,95 1,01 1,11 0,93 

Autumn holiday 1,03 1,03 0,89 1,05 1,15 0,99 

End of autumn holiday till Christmas holiday 1,02 0,91 0,99 1,03 1,13 1,03 

Christmas holiday 0,85 0,86 0,75 0,83 0,9 0,91 
Table 7 Seasonality factors based on school holidays 

The seasonality factors are ranked using colours: the blue colour represents factors lower than 

averages and the colour red represents the factors higher than average. For both colours counts that 

the darker the colour, the larger the differences.  

It shows that there is an overall lower production during the Christmas holiday and Summer holiday. 

The other months compensate these two holidays. When differentiating between the healthcare 

clusters, there are clear differences in which periods more patients are treated than average and in 

which months this number is lower. System and Kidney-Vascular have strongly higher weights the first 

half of the year and much lower the second half of the year. For GE this is exactly the other way around. 

HPB and Motion are more balanced during the year with exception of the holiday pattern. 

However, it is not realistic from an operational point of view to change the bed assignment this 

regularly. Therefore, in consultation with the management of Dijkzigt it has been decided that planning 

per quartile would be more realistic. Because the Christmas holiday clearly has a lower number of 

arrivals, this has been selected as a separate period. On yearly basis it has resulted in the Christmas 

holiday, January – March, April – June, July – August (Summer holiday) and lastly, September – Half 

December. 

When the seasonal factors are recalculated based for these five periods (Table 8), the same conclusions 

can be drawn as in the previous school holidays analysis. 
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  Dijkzigt HPB K-V Motion GE System 

Period 1 (4th January - March) 1,04 1,08 1,10 1,01 0,90 1,14 

Period 2 (April - June) 1,01 1,01 1,06 1,03 0,99 0,96 

Period 3 (July – August/Summer holiday) 0,92 0,92 0,90 1,01 0,94 0,92 

Period 4 (September – half December) 1,02 1,00 0,97 1,01 1,11 0,98 

Period 5 (Christmas holiday) 0,83 0,86 0,74 0,81 0,79 0,90 

Table 8 Seasonality factors per quartile 

7.2.2 Seasonality in bed allocation 
It would be interesting to analyse what the effect will be on the bed allocation over the departments 

(both fixed and flex) and the percentages of bed days at flex or other departments. Therefore, the 

selected periods from 7.1.1 have also been used as input in the optimisation model. The four selected 

models (0, 1, 2a and 2d) have been calculated for both the basic allocation as presented in 6.3.3 and a 

new optimized allocation based on the selected period. The results of the five periods for the two 

different allocations have been presented in the table below. It represents the KPIs for that specific 

time period, not on yearly basis.  

Table 9 Comparison basic vs. seasonal allocation 

Based on these results, it can be concluded that allocating hospital beds depending on selected periods 

will improve all KPIs for all five periods. The number of flexible beds being allocated are significantly 

lower in period 3, 4 and 5. This can be explained since allocating patient to flexible beds is always more 

expensive than allocating them to beds at their preferred department. Consequently, when there is 

no high demand for hospital beds, more beds can be allocated to the fixed departments as there is no 

need to share hospital beds. This also results in a strong reduction for the KPI walking time in period 3 

and 4, as the values of this KPI is significantly lower in the seasonal allocation output compared to the 

basic allocation output. This shows that different bed allocations based on seasonality in these periods 

are also very beneficial for the walking time of the doctors and nurses, not only for the patients. For 

period 1 and 2, the same number of flexible beds are recommended. However, because of different 

allocations of the hospital beds over both the fixed and the flex departments, already lower 

percentages of patients located at flexible or wrong departments, less relocations and less walking time 

are obtained. 

% % Utiliz. # # % % Utiliz. Utiliz.

flex other fix fix flex flex other fix flex

0 207 0 - 1.6% 84.2% - 130 131 610

1 207 0 - 1.6% 84.2% - 121 140 671 207 0 - 1.3% 84.2% - 111 83 552

2a 197 10 2.6% 0.3% 86.1% 47.3% 32(342) 15(74) 1757 197 10 2.2% 0.2% 86.6% 35.3% 24(163) 5(171) 1402

2d 181 26 6.0% 0.4% 90.0% 43.5% 36(313) 27(683) 1162 181 26 5.7% 0.2% 90.5% 40.3% 20(316) 7(601) 1021

0 207 0 - 2.0% 85.2% - 174 191 868

1 207 0 - 1.4% 85.2% - 137 87 486 207 0 - 1.2% 85.2% - 133 65 422

2a 197 10 2.1% 0.4% 87.6% 38.0% 48(308) 15(38) 1484 197 10 2.0% 0.3% 87.7% 37.3% 43(175) 10(152) 1388

2d 181 26 5.6% 0.4% 91.8% 39.8% 52(336) 7(606) 1042 182 25 5.3% 0.3% 91.6% 38.7% 44(341) 3(539) 956

0 207 0 - 1.0% 77.9% - 60 51 230

1 207 0 - 0.3% 77.9% - 21 7 56 207 0 - 0.2% 77.9% - 14 3 34

2a 197 10 0,50% 0.1% 81.4% 8.8% 5 (49) 0 (6) 230 203 4 0.3% 0.0% 79.2% 12.1% 3 (23) 0 (7) 126

2d 181 26 2.5% 0.1% 86.7% 17.0% 14 (114) 0 (160) 302 200 7 0.5% 0.1% 80.2% 13.6% 5 (37) 0 (22) 69

0 207 0 - 2.0% 81.8% - 184 271 1030

1 207 0 - 0.8% 81.8% 98 52 412 207 0 - 0.5% 81.8% - 73 24 254

2a 197 10 1.4% 0.1% 84.7% 24.1% 15 (244) 4 (19) 1106 201 6 0.8% 0.1% 83.6% 22.9% 18 (99) 1 (51) 650

2d 181 26 3.8% 0.2% 89.8% 25.8% 29 (305) 8 (425) 823 188 19 2.5% 0.1% 87.8% 22.4% 12 (233) 0 (231) 506

0 207 0 - 1.6% 71.2% - 0 0 0

1 207 0 - 0.6% 71.2% - 0 0 0 205 0 - 0.0% 71.9% - 0 0 0

2a 197 10 0.9% 0.2% 74.0% 3.7% 0 0 0 205 0 Idem Idem Idem Idem 0 0 0

2d 181 26 2.2% 0.3% 79.5% 3.5% 0 0 0 205 0 Idem Idem Idem Idem 0 0 0

P3

P4

P5

Basic allocation Seasonal allocation

#fix #flex
Walk. 

Time

Walk. 

time
#Reloc # >24h

Utiliz. 

Flex
#Reloc. # >24h

P1

P2



36 
 

The question is raised what the overall effect on yearly basis on the performance of the four allocation 

models would be when the basic allocation is compared with the seasonal allocation. When the KPIs 

of the periods are combined, it can be compared with the output of the basic allocation as can be seen 

in Table 10 below. Since model 0 has the same allocation, no differences can be found. However, 

already large improvements can be made by allocating it differently, without using flexible 

departments. For model 1, a reduction of 0.3% was obtained in the percentage of bed days at other 

departments than their own. Also, for the flexibility models 2a and 2b, a reduction was found especially 

in the percentages of patients located at flex departments.  

Furthermore, the bed utilization of the fixed departments increased a bit while the bed utilization rates 

of the flex departments decreased. This can be explained by the different bed allocations of the 

seasonal allocation, resulting in more patients being allocated to their preferred departments with a 

higher utilization rate as the result. Moreover, for all models, the walking time can be reduced with 

approximately 25% when applying a seasonal allocation method, which is a significant reduction that 

is beneficial for the doctors and nurses. Lastly, the number of relocations only decreased a little, but 

the number of patients that stay longer than 24 hours at a wrong department is decreased significantly 

more. 

 
  

KPIs 

 % Flex % Other % Util Fix % Util Flex #relocation # >24h Walking Time 

B
as

ic
 

al
lo

ca
ti

o
n

 Model 0 - 1.8% 82.1% - 567 663 2.814 

Model 1 - 1.1% 82.1% - 379 294 1.644 

Model 2a 1.8% 0.2% 80.6% 30.3% 90 (551) 33 (557) 4.668 

Model 2d 4.7% 0.2% 89.4% 31.7% 105 (1083) 49 (1932) 3.338 

Se
as

o
n

al
 

al
lo

ca
ti

o
n

 Model 0 - - - - - - - 

Model 1 - 0.8% 82.3% - 331 175 1.262 

Model 2a 1.3% 0.2% 84.2% 27.1% 88 (460) 16 (382) 3.566 

Model 2d 3.6% 0.1% 87.6% 28.7% 125 (927) 10 (1393) 2.552 

Table 10 Yearly overview basic vs. seasonal allocation 

Since model 1 already showed significant improvements, the bed allocation for each department has 

been presented in Table 11. It can be concluded that the differences in bed allocation are in line with 

the seasonality factors as presented in Table 8. HPB and System require more beds in the first two 

periods, while GE has a higher bed demand during the last two periods. The bed allocation for motion 

and K-V is quite stable and only varies a few beds for each period. An exception is the bed allocation 

for K-V in period 5, but since this is the Christmas period, it can only represent one busy day and is 

therefore not worth to elaborate on. 

Allocation Model 1 HPB K-V Motion GE System 

Current allocation 40 38 49 43 37 

Optimized basic allocation 36 41 45 50 35 

Period 1 38 41 44 45 39 

Period 2 39 42 45 49 32 

Period 3 35 44 44 51 33 

Period 4 32 42 46 54 33 

Period 5 31 47 45 51 31 

Table 11 Bed allocation for the different periods of model 1 

The allocation of hospital beds for each model and each period, with the corresponding KPIs can be 

found in Appendix C. 
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7.2.3 Conclusion Seasonality 
It can be concluded that there are some clear seasonal patterns to be found between the departments. 

Changing the bed allocation during the year will allow more patients to be placed at their preferred 

departments, resulting in improved KPIs for percentages placed, the number of relocations, the 

number of long stay patients and the walking time. This can be seen as another type of flexibility: 

changing the number of beds being allocated to each department, depending on the season of the 

year. It was shown that model 1, without flexible beds, already shows significant improvements. When 

adding flexible beds, further improvements can be made for both 2a and 2d. However, the differences 

compared to the basic allocation are larger for model 2d, as this model contains more specific flex 

departments and therefore profits more from an adjusted allocation depending on the demand. 

Overall it can be said taking seasonality into account will improve the admission of patients at the 

preferred departments. Especially when fixed allocations are preferred, improvements can be 

obtained when allocating the beds differently for each period instead of sharing beds every day. 

7.3 Scenario 2: Growth 
The second scenario analyses what the effect will be on the bed allocation for Dijkzigt in case the 

demand for hospital care grows. To do so, first new patients have to be created to generate new input 

for the LP model. Afterwards, different growth scenarios can be analysed. 

7.3.1 Creating new patients 
To create scenarios that include growth, new patients have to be created and inserted in the dataset. 

These patients require an arrival moment (date and time) and length of stay, to determine the 

departure moment. First the arrival moments have to be selected. Based on the seasonality scenario 

in 7.2 it can be derived what the percentages of arrivals of the total number of arrivals are for each 

period and for each healthcare cluster. These percentages are presented in Table 12 below. Based on 

these percentages, an arrival pattern can be derived. Based on these arrival probabilities during the 

year, the patient arrivals can be randomly simulated when the growth percentage is known for each 

healthcare cluster. 

Seasons HPB K-V Motion GE System 

Period 1 27% 24% 25% 24% 27% 

Period 2 26% 26% 25% 26% 24% 

Period 3 17% 17% 17% 16% 17% 

Period 4 27% 29% 30% 30% 27% 

Period 5 4% 3% 3% 3% 4% 
Table 12 Percentages of arrivals for the selected five time periods 

For the length of stay, it is preferred to stay as close to the existing data as possible. Consequently, 

assumptions related to the length of stay and its distribution are prevented. Therefore, the empirical 

distribution, using the existing dataset containing the lengths of stay for each healthcare cluster has 

been used to simulate new length of stays. 

Based on the dataset of 2016, the average length of stay (LOS) and its standard deviation for each 

healthcare cluster has been calculated and presented in the table below (Table 13). For each 

healthcare cluster it can be concluded that the standard deviation is higher than the average LOS. This 

is caused by the high variability in the length of stay, as each dataset includes patients that could leave 

the hospital the next day after hospitalization as well as patients that stayed for a few weeks or longer. 

When creating a histogram of the length of stays in the dataset, it can be assumed that the length of 

stay follows a negative exponential distribution (See Appendix D). For a more detailed analysis, this 
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can be further explored. For this analysis, the existing data in the empirical distribution has been used. 

Based on this distribution, the length of stay can be randomly selected for the new created patients. 

Health cluster Number of patients Average LOS Standard Deviation 

Motion 2476 5.29 7.51 

GE-Oncology 2535 6.22 8.52 

HPB 1332 8.67 14.70 

Kidney/Vascular 1990 6.47 7.51 

Systemic Diseases 2023 4.94 6.24 
Table 13 Average LOS and standard  deviation for each healthcare cluster 

When for each newly created patient, an arrival moment and a length of stay has been determined, 

the departure moment can be calculated. When all new patients have been inserted in the dataset, a 

new calculation can be done to prepare the data, so it can be used in the LP model.  

7.3.2 Growth analysis 
For the growth analysis, a decision has to be made which healthcare clusters can grow with what 

percentage of patients. Therefore, a small research has been done to determine the specialisms where 

growth is expected in the following years.  

A research by AT Osborn (Jetten, 2018) investigated what the expected developments would be in the 

Dutch healthcare industry for the coming 5 to 10 years. In general, a yearly growth is expected of 3% 

in hospitals: 2% can be derived from technological developments and 1% as a result of the 

demographical changes, such as aging generations and multimorbidity. This is a trend that has already 

been observed over the last few years. Depending on the efficiency and improvements that have been 

taken place in the individual hospitals, the effective growth in demand can be a little lower.  

When analysing the expected growth in the health diagnoses, a broad spectrum has been described. 

Firstly, an important growth is expected for the chronic diseases (e.g. diabetes) and oncology. 

However, the healthcare industry is also facing an ageing population, which results in an increasing 

demand for geriatrics and surgery (e.g. hip replacements). Lastly, due to the improvements in 

technology and availability of organs, there is also an expected increase in the number of 

transplantations. When linking these expected growths to the Dijkzigt department, all five healthcare 

clusters are touched by these specific diagnosed-based growth expectations. Oncology influences GE, 

Geriatrics is part of Systemic Diseases, Surgeries due to an aging population can be linked to Motion 

and lastly, the transplantations affect both HPB and Kidney-Vascular diseases. Therefore, no distinction 

has been made between the healthcare clusters when analysing the effect of growth, but the general 

yearly growth of 3% has been taken to calculate what the effect of growth will be on the allocation of 

hospital beds. Note that this growth might be less in practice, due to improved home care and an 

increasing number of treatments that have been shifted to day treatments. However, the aim of this 

analysis is to push the system to the limits with the predicted growth of 3% as identified by AT Osborn. 

Health cluster No. of patients 2016  3% (rounded) 

Motion 2476 74 

GE-Oncology 2535 76 

HPB 1332 40 

Kidney/Vascular 1990 60 

Systemic Diseases 2023 61 

Total 10357 311 
Table 14 Number of patients of 2016 per healthcare cluster in 2016 

In Table 14, the number of patients that were found in the dataset of 2016 for each healthcare cluster 

have been presented. Additionally, the number of patients that correspond with a 3% growth have 
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been calculated. Based on these numbers, new patients can be generated according to ratio as 

explained in 7.3.1. For the different growth percentages, the following number of patients can be 

found in the datasets. 

Health cluster +3% +6% +9% +12% 

Motion 2550 2624 2698 2772 

GE-Oncology 2611 2687 2763 2839 

HPB 1372 1412 1452 1492 

Kidney/Vascular 2050 2110 2170 2230 

Systemic Diseases 2084 2145 2206 2267 

Total 10667 10978 11289 11600 
Table 15 Number of patients for each growth scenario per healthcare cluster 

After these new patients have been created and new datasets have been formed for each growth 

scenario, the optimisation model can be used to calculate the effect of growth on the allocation of 

hospital beds and its corresponding performance. In the table below, the results of the current 

situation as well as growth scenarios from +3% until +12% can be found. An extra KPI has been added, 

namely the % not placed, which represents the number of patients that could not be placed at Dijkzigt 

at all and would be placed at another part of the hospital. In the previous analyses, this number has 

been the same (0.0%) as no extra patients had been added. In case of growth, this percentage is an 

interesting addition. The % elsewhere represents the number of patients that have been placed at 

either another fixed or flex department. 

Growth analysis 0% +3% +6% +9% +12% 

Fixed Flex Fixed Flex Fixed Flex Fixed Flex Fixed Flex 

Model 
0 

Allocation 207 - 207 - 207 - 207 - 207  

% elsewhere 1.8% - 2.4% - 3.2% - 4.2% - 5.4%  

% not placed 0.0%  0.1%  0.4%  0.9%  1.7%  

Bed utilization 82.1% - 85.0% - 87.9% - 90.5% - 93.0%  

# relocated 567  763  949  1.138  1.368  

# >24h 663  998  1.461  2.090  2.881  

Walking time 2.814  4.182  5.604  6.796  7.774  

Model 
1 

Allocation 207 - 207 - 207 - 207 - 207  

% elsewhere 1.1% - 1.6% - 2.3% - 3.2% - 4.4%  

Bed utilization 82.1% - 85.0% - 87.9% - 90.5% - 93.0%  

# relocated 379  544  742  979  1.280  

# >24h 294  486  807  1.204  1.868  

Walking time 1.644  2.552  3.482  4.294  5.308  

Model 
2a 

Allocation 197 10 194 13 194 13 195 12 193 14 

% elsewhere 0.2% 1.8% 0.3% 2.8% 0.8% 3.5% 1.6% 3.8% 2.6% 5.0% 

Bed utilization 80.6% 30.3% 88.1% 38.5% 90.5% 49.3% 92.4% 60.2% 94.6% 70.3% 

# relocated 90 551 157 819 338 966 589 997 875 1.191 

# >24h 33 557 66 1.015 231 1.380 492 1.647 962 2.410 

Walking time 4.668  7.650  10.028  11.646  15.702  

Model 
2d 

Allocation 181 26 175 32 173 34 171 36 166 41 

% elsewhere 0.2% 4.7% 0.4% 7.6% 0.7% 9.7% 1.3% 11.6% 2.2% 14.8% 

Bed utilization 89.4% 31.7% 92.5% 44.3% 94.4% 54.6% 96.3% 63.4% 97.8% 73.6% 

# relocated 105 1.083 159 1.580 320 1.814 508 1.993 767 2.190 

# >24h 49 1.932 67 2.598 156 4.976 370 6.347 753 8.835 

Walking time 3.338  5.578  7.355  8.993  11.634  

Table 16 Model output for growth scenarios +3% till +12% 

First, the question is raised what percentages for the bed occupancy and the number of patients that 

cannot be placed at its own department and at Dijkzigt are acceptable to deal with. Since the input for 
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the model is done daily at 10 a.m., the peak time of the day, the bed occupancy rates are only reflecting 

the bed occupancies at that moment in time. An average bed occupancy rate as presented in this 

analysis is therefore not representative for the overall bed occupancy that is achieved during the day. 

However, it has been decided that a bed occupancy rate that is >90% without having flex departments, 

is not acceptable. Note that for the models that contain flex departments, higher percentages of bed 

occupancy at the fixed departments make it easier to plan personnel as the demand there is levelled.  

Furthermore, the percentage of patients that could not be placed at their own department represent 

a rejection rate for a specific department. A percentage that is larger than 5% is not acceptable either. 

The percentage of patients that could not be placed at all should not exceed 0.5%. Therefore, when 

analysing the results for the different percentages, a growth of 6% is the maximum acceptable growth, 

as for a growth of 9%, a bed occupancy of 90.5% and a percentage not placed of 0.9% are reached.   

When comparing the results for the different models, also conclusions can be drawn. Logically, an 

increase in the demand results in an increase of the percentage representing the number of patients 

that are placed elsewhere as well as an increase in the bed utilization, the number of relocations, long 

stay and walking time. For model 0, the increase in the percentage of patients not placed grows 

exponentially, from +0.0 to +0.4, +0.9 and 1.7%. The percentage of patients placed elsewhere however, 

increases linearly: +0.6, +0.8, +1.0 and +1.2%, as the number of allocated beds is fixed. For the other 

three models, the number of available beds is redistributed, resulting in other growth patterns in the 

KPIs. For model 1, a stable growth can be identified for the percentage of patients placed elsewhere, 

which keeps increase a bit as the number of patients increases, with a significant rise for the 12% 

growth (+0.5, +0.7, +0.9 and +1.2). For the models 2a and 2d however, the percentages of patients that 

could not be placed at their own department but elsewhere rise exponentially.  

Small growths in the number of arrivals can be dealt with through using the flex departments, but as 

the number of patients increases, the more problems the flex departments get as well. When 

comparing model 2a and 2d, it can be concluded that model 2d deals better with the increasing 

demand when comparing the percentage of patients that could not be placed. This can be explained 

by the increasing number of beds being allocated to the flex departments, which is for model 2a an 

increase from 10 to 14 beds, but for model 2d an increase from 26 to 41 beds. This increase also results 

in high bed occupancy rates compared to the other models. The KPI walking time almost doubles for 

all models towards a growth of +6%, which can be explained by the increasing percentage of patients 

that are placed elsewhere and the increase in the number of flexible beds. The number of relocations 

and the number of patients that stay longer than 24 hours at another department also increase as the 

number of patients in the models increases. This is especially the case for the models that include 

flexible bed allocation, as there is an increasing percentage of patient placed elsewhere both at other 

fixed and flex departments and thus, more relocations take place.  

7.3.3 Conclusion growth analysis 
It can be concluded that in the case of Dijkzigt, there is still potential to grow a little before violating 

the set maximum percentages for the KPIs. Especially the growth of 3% obtains a bed occupancy rate 

of 85%, which is the percentage that is aimed at by the management of Dijkzigt. However, a growth of 

more than 6% would lead to serious problems, due to the high bed occupancy rate and the high 

rejection rate of patients that cannot be placed at Dijkzigt. 

When the number of patients grows further, clear distinctions can be made between the models and 

how they are dealing with increasing demand. Model 0 and 1 have a fixed allocation and do not use 

any flexibility. Consequently, those two models are outperformed by the two flex models (2a and 2d) 

on all KPIs expect for walking time. As the number of patients grow, the number of flexible beds in 

model 2d grow extensively, while the number of flexible beds in model 2a only show a limited growth. 
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As a consequence, model 2d is better in dealing with the increasing demand as most patients can be 

placed at their preferred department or their preferred flex department. Additionally, the walking time 

and the number of relocations and long stay patients at wrong fixed departments are significantly 

lower compared to model 2a. Overall it can be concluded that in case of increasing demand, flexibility 

is a good way of dealing with this increase. 

7.4 Scenario 3: Reduction in Length of Stay 
The third scenario is the impact of a reduction in the length of stay. Logically, a reduction in the length 

of stay will result in lower rejection and utilization rates. Therefore, it would be interesting to see how 

the growth scenarios will work in case a reduction in the length of stay is applied. 

7.4.1 Selection of patient groups 
A reduction in the length of stay is not possible for all patient types. However, there is not a specific 

health diagnosis that is known for its long length of stay which has the potential to be reduced. 

However, it is known that patients that have to be forwarded to nursing homes are frequently staying 

longer than necessary, because the transfer still has to be arranged (Kydd, 2008). There are two ways 

why this patient group has the potential to reduce its length of stay: 1) the transfer nurses have to be 

alerted earlier, so the transfer can be arranged in time, and 2) patients could be transferred earlier, 

since the same care can be delivered in the nursing home as it is delivered at the hospital.  This is 

confirmed by Dijkzigt and therefore, the patient group that is selected for a reduction in the length of 

stay are the patients that are transferred to nursing homes.  

However, it is not realistic to reduce the length of stay for this patient group for Dijkzigt as a whole. 

Therefore, a selection will be made in the healthcare clusters that will face a reduction and the 

healthcare clusters that will stay the same. To do so, the percentages of patients that move to a nursing 

home after discharge have been calculated and presented in Table 17. 

 
Motion GE Oncology HPB 

Kidney-
Vascular 

Systemic 
Diseases 

Home 85 % 91 % 89 % 91 % 88 % 

Nursing home 11 % 5 % 5 % 6 % 7 % 

Other hospital 1 % 1 % 1 % 1 % 1 % 

Others 3 % 3 % 5 % 2 % 4 % 
Table 17 Percentages of discharge referrals 

Based on these percentages, it can be concluded that the healthcare cluster ‘Motion’ clearly has the 

highest percentage of patients going to nursing homes with 11%, followed by Systemic Diseases 7%. 

Therefore, those two healthcare clusters have been selected to reduce their lengths of stay stepwise. 

Note that the largest proportion of patients go home after discharge. There is also a group of patients 

that go home, but still require care delivered at home. This patient group frequently stays longer at 

the hospital as well, but no distinction is made in the discharge descriptions in the IT system. This 

means that there is more potential in improving the transfers and arranging care for patients who are 

to be discharged in time. 

When analysing the differences in length of stay of patients that are transferred to a nursing home 

with the lengths of stays of all patients within each healthcare clusters, it can be concluded that for 

these patient groups that are transferred have a significantly longer length of stay than the average 

patient. This is illustrated in Table 18. 
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Patients transferred to nursing homes All patients 

Average St. deviation Average St. deviation 

Motion 10.3 13.8 5.3 7.5 

Systemic diseases 7.8 9.2 4.9 6.2 
Table 18 Comparison length of stay of general patient groups and patients transferred to nursing homes 

7.4.2 Effect LOS reduction on growth 
In the growth analysis (7.3), it came forward that the maximum acceptable growth was 6%. However, 

it can be questioned whether the 9% growth scenario would be acceptable in case some measures 

would be taken to reduce the length of stay. Therefore, the growth scenario of 9% will be adapted with 

a reduction in the length of stay for the patients that are transferred to nursing homes of the 

healthcare clusters ‘Motion’ and ‘Systemic’. This reduction will be done stepwise, with a reduction of 

1, 2 and 3 days. The impact of the reduction in LOS on the KPIs for the 9% growth scenario are 

presented in the table below. 

Growth vs reduction LOS 9% growth -1 day -2 days -3 days 

Fixed Flex Fixed Flex Fixed Flex Fixed Flex 

Model 0 

Allocation 207 - 207  207  207 - 

% elsewhere 4.2% - 3.9%  3.8%  3.6% - 

% not placed 0.9%  0.6%  0.5%  0.4%  

Bed utilization 90.5% - 89.8%  89.2%  88.6% - 

# relocations 1.138  1.071  1.043  1.020  

# >24h 2.090  1.902  1.800  1.716  

Walking time 6.796  6.686  6.540  6.236  

Model 1 

Allocation 207 - 207  207  207 - 

% not placed 3.2% - 2.8%  2.6%  2.5% - 

Bed utilization 90.5% - 89.8%  89.2%  88.6% - 

# relocations 979  883  845  811  

# >24h 1.204  1.044  945  879  

Walking time 4.294  4.170  4.086  3.800  

Model 
2a 

Allocation 195 12 194 13 194 13 194 13 

% not placed 1.6% 3.8% 1.2% 4.0% 1.0% 3.8% 0.9% 3.7% 

Bed utilization 92.4% 60.2% 92.0% 57.3% 91.5% 54.8% 91.0% 52.6% 

# relocations 589 997 465 1.053 407 1.049 400 1.013 

# >24h 492 1.647 330 1.675 284 1.558 241 1.492 

Walking time 11.646  11.586  11.224  10.754  

Model 
2d 

Allocation 171 36 172 35 172 35 173 34 

% not placed 1.3% 11.6% 1.0% 11.0% 0.9% 10.6% 0.8% 10.0% 

Bed utilization 96.3% 63.4% 95.8% 60.6% 95.4% 59.0% 94.8% 56.9% 

# relocations 508 1.993 416 1.944 368 1.926 357 1.850 

# >24h 370 6.347 251 5.815 211 5.619 192 5.227 

Walking time 8.993  8.426  8.202  7.738  

Table 19 9% growth scenario combined with reduction in LOS 

When looking at the number of hospital beds, both the number of fixed and flexible beds are almost 

the same for all sizes of reduction compared to the basic output of the 9% growth analysis. However, 

the number of patients that cannot be placed at its preferred department (either fixed or flex) is 

significantly reduced for all models. The percentage placed at department elsewhere compared to the 

basic 9% growth model is reduced with at least 0.5% for all models, when only patients that are 

transferred to a nursing home have a reduction in the length of stay of 3 days. A similar reduction can 

be found for the bed utilization rates. The effect of a reduction in the length of stay with respect to the 
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number of relocations and patients that stay longer than 24 hours is limited. Small reductions can be 

observed which decrease as the length of stay is further reduced. When analysing the walking time, 

the degree of reduction increases as more days are being reduced. However, when taking the criteria 

of <90% bed utilization, a <5% rejection rate for the fixed department and <0.5% total rejection rate, a 

reduction of two days in the LOS of these specific patient groups results in acceptance of these criteria 

for the 9% growth scenario. 

It might be questioned what the effect will be of a three-day reduction for the growth scenario of 12%. 

Therefore, this scenario with a reduction of 3 and 4 days have been calculated. The results are 

presented in the table below. Although a reduction of 4 days is quite large, it still does not result in the 

acceptance of the 12% growth scenario. Although the rejection rates decreased to less than 5%, the 

bed occupancy rates are still above 90% as well as the percentage not placed stays at 1.0%. 

Additionally, the effect of a larger reduction in the LOS is decreasing when comparing the KPIs. This 

means that a small reduction will have most impact. 

Growth vs reduction LOS 
12% growth -3 days -4 days 

Fixed Flex Fixed Flex Fixed Flex 

Model 0 

Allocation 207  207 - 207  

% elsewhere 5.4%  4.6% - 4.6%  

% not placed 1.7%  1.0%  1.0%  

Bed utilization 93.0%  91.2% - 91.1%  

# relocations 1.368  1.205  1.188  

# >24h 2.881  2.396  2.310  

Walking time 7.774  7.554  7.322  

Model 1 

Allocation 207  207 - 207  

% elsewhere 4.4%  3.5% - 3.5%  

Bed utilization 93.0%  91.2% - 91.1%  

# relocations 1.280  1.084  1.039  

# >24h 1.868  1.369  1.329  

Walking time 5.308  4.770  4.606  

Model 
2a 

Allocation 193 14 194 13 194 13 

% elsewhere 2.6% 5.0% 1.7% 4.4% 1.7% 4.3% 

Bed utilization 94.6% 70.3% 93.0% 64.3% 92.7% 62.7% 

# relocations 875 1191 662 1101 632 1.073 

# >24h 962 2410 548 1958 524 1.911 

Walking time 15.702  13.420  13.078  

Model 
2d 

Allocation 166 41 167 40 168 39 

% elsewhere 2.2% 14.8% 1.4% 13.8% 1.4% 13.1% 

Bed utilization 97.8% 73.6% 96.8% 67.7% 97.2% 67.1% 

# relocations 767 2.190 561 2.178 531 2.097 

# >24h 753 8.835 379 7.717 380 7.078 

Walking time 11.634  10.489  9.809  

Table 20 12% growth scenario combined with LOS reduction 

7.4.3 Conclusion reduction length of stay 
It can be concluded that when the LOS of a certain patient group is reduced, the bed occupancy rate, 

the number of patients that cannot be placed at their preferred department and the walking time are 

significantly reduced. The number of relocations and long stay patients are also decreased, but these 

effects are much smaller. Furthermore, when comparing the effect of a reduction in the LOS on the 

number of fixed and flexible beds, it can be stated that the impact on this ratio is limited, as only one 

or two beds are shifted.  
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When combining a reduction in the LOS with the growth scenario of 7.2, the 9% growth scenario 

becomes acceptable with a reduction in the LOS of two day. The 12% growth scenario will stay 

unacceptable as a further reduction to four days has a limited effect.  

7.5 Conclusion scenarios 
The aim of analysing scenarios was to reflect on the LP model by studying how the LP model would 

react to changes in its input datasets and as such, test the robustness of the model. To do so, three 

scenarios have been selected: 1) Seasonality, 2) Growth and 3) Reduction in the length of stay 

combined with growth. For these scenarios, new datasets have been created and used as input in the 

LP model with the same input parameter settings. The results for each scenario will be discussed 

below. 

Firstly, different allocations per time period based on seasonality improve the performance of the 

allocation models. This means that a lower bed occupancy rate is detected as well as a lower 

percentage of patients that could not be placed at the preferred department. Additionally, the walking 

time, number of relocations and the number of patients that stay longer than 24 hours at another 

department are decreased. Already significant improvements are found for model 1, that only uses a 

fixed allocation of beds per time period. Therefore, it could be concluded that when a fixed allocation 

is preferred, an allocation based on seasonal time periods is a solution that will improve its 

performance compared to a yearly fixed allocation. An advantage of this solution is that the walking 

time of the nurses and doctors stay lowest for these models with a fixed allocation. Further 

improvements can be made if the flexible allocation methods are applied with respect to patient 

related KPIs.  

Second, from the growth scenario it was concluded that in case more patients arrive and consequently, 

the demand for hospital beds rises, the flexible allocation methods perform best. More flexible beds 

are being allocated, which improves the performance of the models significantly. This is especially the 

case for model 2d where the rise in the number of flexible beds is largest. Consequently, this increase 

in the number of flexible beds also results in a strong increase in walking time and a higher number of 

relocations of patients. However, these increases are notable for all models when demand increases. 

Considering Dijkzigt, a maximum growth of 6% is allowed when taking Dijkzigt’s acceptation criteria 

into account. 

The third scenario considered the 9% growth scenario and questions with what size of reduction in the 

length of stay would make this 9% growth scenario acceptable according to Dijkzigt’s acceptation 

criteria. It showed that already a reduction of two days in the length of stay of a specific patient group 

of two healthcare clusters made the 9% growth scenario acceptable. Additionally, it was concluded 

that a reduction in the length of stay does hardly influences the ratio of fixed and flexible beds. 

Overall it can be concluded that the bed allocation models react differently to changes in their input 

dataset. Although the input parameters are still subject to discussion, it is believed that also for other 

parameter settings, the same conclusions concerning flexible allocation methods for seasonality, 

growth and reduction in the length of stay can be drawn.  
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8. Impact nursing 
Until this chapter, the focus has been on the optimization of the hospital bed allocation. However, as 

mentioned in the introduction (Ch.1) and the literature background (Ch.2), a bed is not a bed if there 

is no one to care for the patient in that bed. This is well represented by the following quote: “the ability 

to use physical bed capacity hinges upon the availability of suitable medical personnel” (Akcali et al., 

2006). The required number of nurses will be particularly of interest when analysing flexibility models 

for bed sharing. When beds can be used by multiple disciplines, this also suggests that there must be 

nurses that are multi-skilled to be able to treat those other patients as well. This means that for 

flexibility in bed allocation, also flexibility is required from the nursing staff. Therefore, this chapter will 

elaborate on the consequences creating flexibility will have on the employability of nurses. 

8.1 Specialist departments 
The specialists’ departments are the departments as they are often found in most hospitals, namely a 

department with a fixed allocation of beds concerning one specialism. All medical specialists and 

specialist nurses are working at this department. 

For these departments, the number of patients is fluctuating with the demand for that specialisms as 

well that it is influenced by the admission planning of the department. This makes the nurse planning 

quite predictable and influenceable as all patients that are hospitalized will go to their specific 

department. 

If flexible departments are introduced, it will influence the occupation of hospital beds for the fixed 

departments. These departments have fewer beds while they are facing the same demand as without 

the introduction of flexible beds. Consequently, more patients cannot be placed at the fixed 

department but will be placed at the flexible department. Furthermore, the bed occupancy rates at 

the fixed department increase as it occurs more often that the fixed department is full. In the medical 

field, high bed occupancy rates seem to be frightening as this equals a high workload for the nursing 

staff. However, one can also reason that a high occupancy rate at the fixed department makes it easier 

to predict the required workforce. In this case, a high occupancy rates do not imply a high rejection 

rate for new arriving patients as these patients can be hospitalized at a flexible department.  

 

Figure 4 Boxplot comparison bed occupancy fixed departments with vs. without flex 

As an illustration for the differences in bed occupancy rates, the occupancies of the healthcare clusters 

from the output of model 1 (optimised but no flex) and model 2d (5 small flex departments) have been 

presented in a boxplot, see Figure 4. The first boxplots of each pair present the bed occupancy rates 
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where no flexible departments are used and for the second boxplot of each pair, also flex departments 

are introduced. The boxplot shows that for all healthcare clusters, the average and its dispersion for 

the model which includes flex are higher than the same values for the models without flexibility. This 

difference increases as more hospital beds are allocated as flexible beds.  

8.2 Flexible departments 
As concluded in 8.1, the bed occupancy rates at the fixed/specialists departments are higher and more 

constant when flexible departments are introduced. This can be explained as the flex departments are 

acting as a buffer for the fixed departments. Consequently, the fluctuations are being shifted from the 

fixed departments to the flex departments and because the flex departments are small departments 

that are acting as a buffer function, the fluctuations are even larger. This is confirmed in the boxplot in 

Figure 4. The flex department has a scatter from 0 to 100%, while the box ranges from 0 to 60%. This 

is significantly larger than the other five boxplots from the fixed departments. The variety of bed 

occupancy for the single-flex department is also presented in the graph in Figure 5. 

 

Figure 5 Boxplot bed occupancy rate fixed vs. flex departments 

As a consequence, the fixed departments become easier to plan for the employability of nurses 

because of the smaller variety in bed occupancy, while the flexible departments are more difficult to 

plan. First, in line with the fluctuating bed occupancy rate, the required number of nurses fluctuates 

as well on a daily basis. Second, the nurses working at a flexible department should be multi-skilled to 

be able to offer the best care to all possible patients that can be located at this flexible department. 

However, the variety of the multi-skilled nurses depends on type of flexibility that is applied. For 

example, in the case of one or two large flexible buffers, nurses should be multi-skilled for all patient 

types. However, in the case of small flex departments in between two fixed departments, there is 

limited diversity in the patients that are to be located at these small flex departments. This also 

requires the multi-skilled nurses that are assigned to these small flex departments to master two 

specialisms or in the case of Dijkzigt, the care required for the patients belonging to the two adjacent 

healthcare clusters. However, one can either decide to put specialist nurses of one of the adjacent two 

departments at this small flex department or to create a large pool of multi-skilled nurses that can be 

appointed to each of the flex departments if demand requires it. 

With respect to the predictability of demand, the correlation between adjacent days has been 

calculated. This has been done for the model with one large flex department, since this is the largest 

flex department and is facing the highest variability due to its size and buffer function for Dijkzigt as a 

whole. The analysis resulted in a correlation of 0.59 with a p-value of 8.3 e-36, which makes it 

significant. This represents an average positive correlation between the number of occupied beds for 
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two adjacent days. Since the correlation is not very strong, it confirms the difficulty in predicting the 

demand and thus the required number of nurses for this flex department. This is also confirmed in the 

graph of Figure 6 below, which shows the whimsicality of the bed occupancy rate at one large flex 

department. The red lines represent the beginnings and endings of the five selected seasonal time 

periods in chapter 7.2. By including these time periods, the planning of nurses at the flex departments 

become a bit easier. 

 

Figure 6 Bed occupancy rate for a large flex department over 2016 

Although the usage of multi-skilled nursing is not frequently seen in practice, articles can be found in 

literature which discussed flexibility in nursing. Firstly, Winasti et al. (2016) compared the usage of 

generalist nurses at one or more units and concluded that using generalist nurses at two units instead 

of one specific unit results in a significant reduction of the variability coefficient of the nurse demand. 

Secondly, Wright & Bretthauer (2010) concluded that cross-training flexible nurses results in better 

performance than cross-training of unit nurses. This suggests that the application of a flex pool of 

generalist nurses will be more beneficial than retraining specialist nurses to work at the adjacent flex 

department. Overall, Campbell (2011) stated that flexibility through cross-training nurses can be even 

more valuable than perfect information about demand, independently of the type of cross-training or 

flexibility that is applied. These articles prove that applying flexibility strategies in hospital beds will 

also be beneficial for the employability of nurses. However, note that it is also stated that cross-trained 

nurses are less productive than regular nurses, so these multi-skilled nurses are not a good 

replacement of specialist nurses, but just complementary (Gnanlet & Gilland, 2014). Therefore, only a 

small size for a flex unit of nurses is recommended, as the effectiveness decreases when the size 

becomes too large (Maenhout & Vanhoucke, 2013). 

Overall it can be concluded that creating flexible departments is beneficial for the number of patients 

to be hospitalized, but makes it more difficult to plan the nursing formation for these flexible 

departments due to large fluctuations in bed demand. Therefore, the usage of generalist or multi-

skilled nurses are recommended, so they can care for multiple patient types and can be used at 

multiple (flex) departments if demand requires it. This is also proved in literature to be beneficial for 

the planning of nurses, as the variability coefficient in the nursing demand was reduced as generalist 

nurses were used. Additionally, a larger flex pool of generalist nurses that are multi-employable for 

more flex department are preferred over the employability of unit nurses with extra skills. In any case, 

investments have to be made to be able to employ nurses that are multi-trained to make the flexibility 

of hospital beds a success. 
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8.3 Implications for Dijkzigt 
The question is raised what the implications for the nurses at Dijkzigt would be when implementing 

the flexible bed strategy. To answer this question, first a short explanation is given about the current 

nurse planning at Dijkzigt, which is followed by a nurse’s flexibility strategy that will be proposed to 

the management of Dijkzigt.  

8.3.1 Nurse planning and allocation Dijkzigt 
At Dijkzigt, nurse planning is done based on patient-nurse ratios. During the day shifts, a ratio of 4:1 is 

applied, during the evening shifts 6:1 and during the nights 8:1. These ratios might be adapted for 

departments that are primarily providing care to patients that require more care and time than 

average. 

The healthcare clusters at Dijkzigt are a mix of several specialisms, varying from two to six specialisms 

and combinations of surgical and non-surgical nursing teams. All nurses that are assigned to a 

healthcare cluster are retrained to be able to treat all patients that belong to their healthcare cluster. 

This makes them multi-skilled specialists, as they know more than one specialism in detail for specific 

patient groups. Consequently, this makes it easier to shift from healthcare cluster, as these nurses are 

still a specialist in their former specialism. 

8.3.2 Flex pool and all-round nursing team 
At Erasmus MC, a so-called flex pool is created, which exists of generalist nurses that can be assigned 

to any department of the entire hospital. The aim of this department is to be able to deal with staff 

absence due to illnesses, pregnancies, burnouts, etc. Although the main intention was to be flexible 

on the short term, it has turned out to be an internal employment agency that fills the personnel gaps 

for a longer period of time. 

As a response to this flex pool, Dijkzigt is currently introducing a so called all-round nursing team. This 

team also exists of generalist nurses, but only belong to Dijkzigt. This team exists of nurses that are not 

able to stick to their current contract due to personal circumstances or nurses that are would prefer a 

higher diversity in their daily work with respect to patient groups. In contrast to the flex pool, the 

nurses of the all-round nursing team are assigned to departments on a daily basis and depending on 

the operational demand. This means that when more urgent patients of a certain healthcare cluster 

arrive on a certain day, more personnel are demanded, but also when a nurse gets ill, he or she can 

easily be replaced for a day. 

This all-round nursing team can easily be related to the flexibility in hospital beds and nurses. As stated 

before, for the flex departments, there are high variation in the number of required nurses. A solution 

would be to employ a fixed number of nurses based on for example the average of the number of 

occupied beds. For peak days, the all-round nursing team can be used to deal with this higher demand. 

The fixed departments have a more fixed occupancy and can therefore be constantly occupied by the 

nurses. The all-round nursing team would then be of specific interest in case of a short absence of 

another nurse due to for example illnesses. 

With respect to the retraining of nurses, also some statements can be made. Currently, most nurses 

are already retrained for multiple specialisms due to the reorganization of healthcare clusters. This 

results in more diverse nurses that are more easily employable and interchangeable in case this is 

required. It also means that if one of these nurses prefers to be part of the all-round nursing team, he 

or she can more easily be retrained for all specialisms than before the reorganization.  
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8.4 Conclusion nursing impact 
It can be concluded that when flexibility in bed allocation is created, the nurses also need to be flexible. 

For the fixed departments, the bed occupancy becomes high with less variability, making it easier to 

plan nursing occupation. However, the variability that is reduced for the fixed departments has been 

shifted to the flexible departments. This results in high variety in bed occupancy at those flexible 

departments, which makes it more difficult to predict and plan the required number of nurses.  

According to literature, a flex pool of generalist nurses is preferred to cross-training unit nurses, but 

for all types of flexibility in nurses, will reduce the variance in demand for nurses as well. 

At Dijkzigt, an all-round nursing team is currently introduced, that exists of generalist nurses that can 

be assigned to departments on an ad hoc basis, depending on the daily demand of a department. The 

nurses that are part of this team can easily be appointed to the flexible departments, as they are 

generalist nurses and this department will be dealing with the highest variation in demand compared 

to the fixed departments. 
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9. Discussion 
Although this research has been conducted with greatest care, there will always be some restrictions 

and assumptions that have to be made to be able to create a model. In this chapter, the assumptions 

and drawbacks of this research will be discussed.  

9.1 Discussion research assumptions 
As it has already been mentioned in Chapter 6.4, it is difficult to validate the model. To be able to 

optimize the model, weights and factors had to be given to the priorities of patients and to the 

penalties of violating the 24-hours replacement and location criteria. It was not possible to derive these 

weights and penalties from reality, as it is very hard to quantify the quality of care delivered at different 

departments. Based on input from Dijkzigt, weights and penalties have been determined. However, 

changing these factors also changes the output of the model. For example, higher costs for flexible 

beds while the other parameters stay the same results in less flexible beds being allocated. Similarly, 

the costs of using a bed can influence the output of the model as well. Currently, low costs have been 

used to make sure a bed is not allocated if it is not used. However, the management of a hospital might 

decide that it prefers to close more beds with the possibility that more patients will be located at other 

departments than the preferred department. It is important that these costs will be in relation to the 

other weights and penalties that are set, instead of deriving it from the costs of the usage of a hospital 

bed for a day. 

For this analysis, the aim was to gain insights in what the effect would be on the performance of a 

hospital when flexible beds are introduced at the inpatient wards. This has been done through an 

aggregate LP model, which is an optimization model and shows the best possible result with the lowest 

cost. However, downsides of using such an aggregate LP model is that it is hard to derive what patient 

stayed at what department and which patient did not have a hospital bed at all. To be able to deal with 

this, assumptions have been made on the priority of allocation and relocating patients. However, if 

insights are required at patient level, the proposed LP model will become very complex. Therefore, 

other techniques should be considered. 

Furthermore, for all analyses, the same dataset has been used. Although some adaptations have been 

made for the scenarios, the same peaks and dips stay in the dataset. A different hospital or different 

departments might be facing different fluctuations during the years, to which the model might respond 

differently. Since there was only limited data available, this could not be done to validate the model 

with different data. 

Moreover, some assumptions have been made in this model that fit the Dijkzigt department. The most 

important one is the usage of single beds and a lack of closed departments. This makes it easy to 

reallocate the beds and create a small flexible department between two fixed departments. However, 

there might be hospitals that have a fixed allocation also based on the building size and the sizes of 

the patient rooms. For these hospitals, extra restrictions have to be added to make this model suitable.  

However, the analyses that have been done, both the addition of the criteria as well as the scenarios, 

have given insights in how the model would react to the addition of extra penalties and changes in the 

input. The conclusions that have been drawn from these analyses are believed to be similar, 

independently of the changes made in the priorities and assumptions. 

9.2 Discussion Dijkzigt 
The research validation is one of the drawbacks of this research. Since this analysis concerns new 

departments that have been formed and are a mix of different specialisms, there is limited knowledge 

available on how the new departments would behave. At the start of this research, the managers of 
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the newly formed healthcare clusters did not know if they would face a bottleneck or not when Dijkzigt 

is moved to the new location and fewer hospital beds are available. As a consequence, expert opinion 

on the optimized model (model 1) was hardly possible, let alone the output of the flexible 

departments. Overall it was believed that there would be a major shortage in the number of available 

beds, but based on the dataset available, this would not be the case. This confirmation was already 

difficult to get.  

Lastly, the availability of data was limited. The healthcare clusters require a link between the presence 

of a patient and its diagnoses, which will lead to the allocation to a healthcare cluster. This link was not 

available yet and took almost three months to create a valid dataset. This resulted in only a single 

dataset as another dataset for further analysis or validation would take a lot of effort by the IT 

department. Furthermore, due to a change in the information system in June 2017, there were still 

gaps in the availability of data of that year. Therefore, the dataset that has been used is from 2016. 

More precise insights in the predicted situation could have been given when data from 2017 and 

maybe even the first months of 2018 would have been available. Now there is still a gap of 1.5 years 

in which certain growths and reductions might have taken place that could not be taken into account. 

Lastly, the employees working at the management department of Dijkzigt have limited experience in 

mathematical methodologies and approaches. Consequently, discussions regarding the input of the 

model and how to quantify priorities and weights were not always that easy and therefore, the input 

parameters should be reconsidered when using the model for different settings.  
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10. Conclusions and recommendations 
In this chapter, the conclusions and recommendations for both the research and Dijkzigt will be given.  

10.1 Conclusions 

10.1.1 Conclusion research 
Over the years, more and more hospitals are facing reductions in costs and consequently, reductions 

in the availability of resources. This research focussed on one specific resource, namely hospital bed 

capacity at inpatient wards, in which the available capacity has been restricted. Thus, the aim of the 

research was to analyse how the hospital bed allocation could be optimized when a restricted bed 

capacity is considered and how flexibility could be used to deal with this restricted bed capacity. 

To answer this research question, six models have been created: two models with a fixed allocation 

and four models with different flexibility departments varying from one large flex department to many 

small flex departments located in between two fixed departments. Additionally, based on a literature 

search, three operational criteria have been selected, namely a 24-hour policy, a relocation policy and 

a location restriction. These three criteria have been selected as they are both related to the fact that 

with a limited availability of resources, more patients could be placed at a wrong department. The 

replacement policy makes sure that patients will be treated at their preferred department as much as 

possible and the location restriction will minimize the walking time for doctors and nurses when 

visiting its patients. These four flexibility models and operational criteria have been incorporated in an 

LP model, that aims to minimize the costs and penalties by allocating hospital beds to departments 

and placing as many patients at the preferred departments as possible.  

It was concluded that by creating flexibility, more patients can be placed at their preferred department 

or preferred flex department. Here it is assumed that it is preferred that patients will be treated at a 

flex department instead of a wrong fixed department. Therefore, the flexibility models outperform the 

fixed allocation models. The two flexibility models with the best performances are the model with one 

large flex department, which is acting as a large buffer for all departments, and the model with most 

small flex departments connecting the two adjacent department. When the relocation and 24-hour 

restrictions are added to the model, similar results come forwards. Lastly, when a location constraint 

for the walking time is added to the LP model, the fixed models perform best as they can place as much 

patients at their own departments as possible. However, by the inclusion of the three operational 

criteria, all related KPIs are strongly improved. 

In the scenario analysis, three scenarios have been analysed. The seasonality scenario showed that 

when allocating hospital beds based on selected time periods already improves the performance of 

the model significantly when only taking fixed departments into account. When adding flexible 

departments, the performance is further improved. The growth scenario showed that when more 

patients are added to the dataset, more flexibility is required to be able to treat as many patients at 

the preferred departments. Lastly, when the length of stay of a specific patient group is reduced, 

further growth is possible, but the allocation of fixed versus flexible hospital beds is not changed. These 

insights have shown how the model reacts to differences in input with respect to flexibility as a solution 

for limited availability in resources. 

Lastly, the implications for the employability of nurses have been studied. It was concluded that when 

flexibility in hospital beds is required, nurses should be flexible as well. When flexible departments are 

introduced, the fixed departments have a more stable occupancy, making it easier to plan nurses for. 

At the flexible department, the occupancy varies a lot which makes it much harder to plan. Therefore, 
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it is recommended to create a flex pool with generalist nurses that can be used to deal with the peaks 

at the flexible departments.  

Overall it can be concluded that applying flexible allocation methods is a good solution when the 

number of available resources is scarce. Most departments have different peak moments and 

therefore, one or more shared buffers would allow them to hospitalize as many patients as possible. 

In the case of flexibility, one large flex department or small departments between two adjacent 

departments are preferred. When a fixed allocation is preferred, management of hospitals can decide 

to allocate the hospital beds based on seasonality, for example each season. This creates both 

flexibility as well as assurance for the availability of beds for a specific department. An important side 

note to applying flexibility in hospital beds is that it also requires flexibility and retraining of nurses, so 

that they are capable of treating all patient types that are placed at a flex department, so that the 

quality of care is not influenced. 

10.2 Conclusions Dijkzigt 
For Dijkzigt, more specific conclusions can be drawn from the output. First, a new optimized allocation 

of the hospital beds based on the newly available data would already improve the number of patients 

that can be placed at their preferred department. Additionally, it would level the bed occupancy rates 

for all departments and minimize the number of relocations and the walking time of doctors. With the 

current allocation, some bottlenecks can already be predicted, which could be prevented with a new 

allocation. 

Further improvements can be reached when flexibility is introduced. Already implementing one large 

flex department results in significant improvements compared to a fixed allocation. Based on the 

preference of the management of Dijkzigt, one of the four flexibility methods can be selected, for 

which decisions have to be made regarding the preferred expertise, location and size of the flex 

departments. 

For either one of the flex departments, the introduction of the all-round nursing team is a good step 

forward to creating flexibility in the hospitalization of patients and will support the introduction of 

flexible bed allocations as well. 

10.3 Further recommendations 
Based on the discussion and conclusion, further recommendations for research can be formulated 

followed with recommendations for Dijkzigt.  

10.3.1 Research recommendations 
As stated before, the dataset has some fixed peaks in demand. The patients that arrived at these peak 

days have been hospitalized as there were enough hospital beds available in 2016 which is not the case 

after the reduction. Therefore, it might be interesting what the effect would be of applying a peak 

shaving technique, by for example postponing patients arriving at a peak day for a day or a week. This 

might be the effect of applying predictive techniques and taking measures if it is known beforehand 

that more patients will arrive than that will fit at the hospital or department.  

Additionally, an extra analysis can be done to analyse the effect of different allocation depending on 

the days of the week. During the weekends, less patients are hospitalized at the hospital and during 

the working days, there are also peak days that can be identified. It would be interesting to analyse 

what the effect would be of applying different allocation methods to the data of each day of the week.  
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Furthermore, a sensitivity analysis could be done to verify the most realistic weights that could be used 

in the input parameter settings. This will make the output and thus the ratio of fixed and flexible beds 

more reliable.  

Moreover, as mentioned in Chapter 9, the choice for an aggregate LP model has some downsides with 

respect to the level of detail that is possible to capture. In case a more detailed analysis is preferred 

that is able to analyse individual patients in the system, a more complex LP should be considered as 

well as designing a model with another model type. 

Lastly, the impact of flexibility in bed allocation on the employability of nurses is done additionally to 

the bed optimization model. However, it could also be possible to add one or more KPIs or restrictions 

that are related to nurses. For example, what would be the corresponding number of nurses of what 

specialism that are required for this specific bed allocation? Or the number of hospital beds could also 

be rounded to ratios of the nurse-patient ratios, to make it easier to allocate nurses to the hospital 

beds. This could be a nice addition to the research.  

10.3.2 Recommendations Dijkzigt 
Also recommendations for Dijkzigt can be formulated. 

First, as Dijkzigt has finished a reorganization by changing into healthcare clusters, the specialisms are 

already forced to be flexible as they have to work together with other specialisms within one 

department. Currently, most specialisms within a healthcare cluster have already been claiming a part 

of the beds that are allocated to the healthcare cluster. Therefore, creating flexible departments might 

be one step too much at this stage. As a solution, changing the allocation based on seasonality might 

work better. However, more data needs to be gathered to identify the seasonality factors based on 

actual data as well. 

This also leads to the next recommendation, which is to add extra functionalities in the system or to 

employ an analyst that is able to give insights in the current state of affairs for the different healthcare 

clusters. During this research, all insights gained were well appreciated and even more insights were 

asked for. Although it is said that the new IT system has more possibilities, it should get priority to find 

out and inform the managers how to get those insights. Insights in the current state of affairs will be 

the first step to be able to improve the processes and the management of hospital beds. This is both 

the case when fixed and flexible allocation techniques are applied. 
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Appendix A. Map inpatient ward floors Dijkzigt 
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Appendix B. Different time widths 
In this appendix, the effect of selecting a time period of 24 hours has been analysed. 

As one can conclude, the time width has limited influence on the output of the model. However, small 

shifts of beds between the healthcare clusters have been made. Additionally, in the case of 24 hours, 

a higher percentage of the patients cannot be placed at its own department. This can be explained 

since the time for 24-hour time window has been set at 10 a.m. This is the moment of the day that is 

most crowded over the year 2016 and therefore, results in the highest occupancy as well. The other 

time widths also contain a moment in the night when the beds are less crowded.  

Since the differences in results are limited, it has been decided to take the 24-hour time width, as the 

one to be used in the model. This reduces the computation time of the model and represents the most 

crowded moment of the day and can therefore be seen as an upper bound for actual bed demand.  

Model 4.1.1   #beds 
assigned 

#beddays at 
other cluster 

#beddays 
external 

% beddays short 
(= other cluster of 
external) 

Bed 
occupancy 

6 hours  
(0.00 - 6.00 - 

12.00 - 18.00 - 
24.00) 

HPB 39 74 0 0,6% 82,0% 

K-V 41 29 0 0,2% 79,9% 

Motion 42 115 0 0,9% 79,2% 

GE 45 90 0 0,7% 80,5% 

Systemic 40 156 0 1,4% 75,0% 

Total 207 464 0 0,8% 79,3% 

8 hours  
(0.00 - 8.00 - 

16.00 - 24.00) 

HPB 38 66 0 0,8% 83,3% 

K-V 41 27 0 0,3% 80,1% 

Motion 43 81 0 0,9% 78,4% 

GE 45 59 0 0,6% 80,3% 

Systemic 40 117 0 1,4% 74,9% 

Total 207 350 0 0,8% 79,4% 

12 hours  
(8.00 -  20.00) 

HPB 38 48 0 0,8% 83,1% 

K-V 40 33 0 0,6% 81,6% 

Motion 44 48 0 0,8% 77,3% 

GE 44 42 0 0,6% 81,6% 

Systemic 41 64 0 1,2% 73,8% 

Total 207 235 0 0,8% 79,4% 

12 hours  
(0.00 -  12.00 - 

24.00) 

HPB 39 42 0 0,7% 82,4% 

K-V 41 14 0 0,2% 80,3% 

Motion 42 64 0 1,0% 80,1% 

GE 45 62 0 0,9% 81,7% 

Systemic 40 82 0 1,5% 75,6% 

Total 207 264 0 0,9% 80,0% 

24 hours  
(10.00u) 

HPB 38 37 0 1,2% 87,3% 

K-V 41 17 0 0,5% 82,6% 

Motion 44 46 0 1,4% 82,8% 

GE 45 39 0 1,1% 83,9% 

Systemic 39 68 0 2,3% 80,9% 

Total 207 207 0 1,3% 83,5% 
Table 21 Output different time widths 
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Appendix C. Seasonality at department level 
 

Period 1: 
Jan-March 

Basic allocation Seasonal allocation 

HPB K-V Motion GE System Flex HPB KV Motion GE System Flex 

S4-
0 

Alloc. 40 38 49 43 37 0  

 %flex       

 %other 0.4% 0.3% 0.2% 0.2% 0.3%  

 Utiliz. 85.1% 89.9% 75.6% 87.8% 84.7%  

 #reloc. 6 42 6 39 37  

 #>24h 5 38 2 25 61  

 Walk 38 160 64 152 196  

S4-
1 

Alloc. 36 41 45 50 35  38 41 44 45 39 0 

 %flex             

 %other 2.3% 0.6% 1.1% 0.1% 4.9%  1.1% 0.6% 1.4% 1.0% 2.4%  

 Utiliz. 91.4% 85.9% 80.9% 77.8% 88.2%  87.5% 85.0% 82.4% 84.7% 81.7%  

 #reloc. 28 16 24 4 49  14 16 31 22 28  

 #>24h 39 1 10 0 91  18 1 14 11 39  

 Walk 162 34 180 9 287  72 38 242 66 134  

S4-
2a 

Alloc. 34 39 43 48 33 10 36 39 41 44 37 10 

 %flex 4.2% 1.8% 1.8% 0.2% 6.2%  2.2% 1.7% 2.9% 1.2% 3.0%  

 %other 0.1% 0.1% 0.0% 0.1% 0.1%  0.1% 0.2% 0.1% 0.2% 0.4%  

 Utiliz. 93.6% 87.0% 83.9% 79/3% 90.0% 47.2% 90.0% 86.5% 87.1% 85.4% 84.0% 38.0% 

 #reloc. 3(101) 4 (47) 0 (51) 4 (5) 21(138)  2 (28) 6 (31) 2 (51) 6 (24) 8 (29)  

 #>24h 0 (20) 0 (6) 0 (8) 0 (2) 15 (38)  0 (37) 1 (19) 0 (42) 0 (16) 4 (57)  

 Walk 490 220 236 36 775  264 214 384 172 368  

S4-
2d 

Alloc. 30 33 43 45 30 26 31 32 44 40 34 26 

 %flex 11.1% 9.3% 1.7% 0.9% 10.8%  8.8% 10.8% 1.4% 3.9% 5.7%  

 %other 0.2% 0.0% 0.1% 0.1% 1.7%  0.1% 0.0% 0.0% 0.2% 0.5%  

 Utiliz. 98.4% 95.4% 84.0% 84.0% 93.6% 43.5% 97.3% 96.1% 82.4% 91.4% 88.6% 40.1% 

 #reloc. 4 (86) 1 (85) 2 (38) 4 (18) 25 (86)  2 (76) 1 (92) 1 (31) 7 (65) 9 (52)  

 #>24h 3(238) 0(195) 1 (18) 0 (12) 23(220)  2(181) 0(234) 0 (13) 1 (65) 4 (108)  

 Walk 338 282 102 38 402  265 328 96 146 186  
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Period 2: 
April - June 

Basic allocation Seasonal allocation 

HPB K-V Motion GE System Flex HPB KV Motion GE System Flex 

S4-
0 

Alloc. 40 38 49 43 37   

 %flex       

 %other 0.6% 3.7% 0.2% 5.5% 0.3%  

 Utiliz. 82.9% 92.1% 82.0% 94.9% 73.7%  

 #reloc. 9 60 7 93 5  

 #>24h 7 60 1 121 2  

 Walk 32 240 44 524 28  

S4-
1 

Alloc. 36 41 45 50 35  39 42 45 49 32  

 %flex             

 %other 2.6% 1.6% 1.1% 1.0% 0.8%  0.9% 1.1% 1.1% 1.3% 1.9%  

 Utiliz. 86.5% 87.7% 86.8% 86.5% 77.2%  81.9% 86.5% 86.4% 87.4% 82.6%  

 #reloc. 32 35 29 30 11  14 25 29 37 28  

 #>24h 44 16 10 9 8  12 11 10 13 19  

 Walk 152 102 116 86 30  52 72 96 100 102  

S4-
2a 

Alloc. 34 39 43 48 33 10 36 38 44 48 31 10 

 %flex 4.1% 2.5% 2.0% 1.2% 1.0%  2.3% 3.4% 1.3% 1.2% 2.3%  

 %other 0.6% 0.4% 0.2% 0.4% 0.4%  0.3% 0.3% 0.3% 0.4% 0.3%  

 Utiliz. 89.2% 90.0% 89.0% 88.7% 79.8% 38.0% 86.3% 91.4% 87.6% 88.6% 83.7% 35.9% 

 #reloc. 10(90) 12(75) 8(70) 12(49) 6(24)  6(31) 9(52) 11(29) 13(32) 4(31)  

 #>24h 8(28) 0 (7) 0 (2) 3 (0) 4 (1)  4(35) 0(59) 0(17) 2(17) 4(24)  

 Walk 508 352 300 216 108  284 462 192 220 230  

S4-
2d 

Alloc. 30 33 43 45 30 26 34 33 44 43 28 25 

 %flex 10.7% 11.2% 1.7% 3.1% 3.4%  4.7% 11.1% 1.3% 5.0% 5.8%  

 %other 0.4% 0.3% 0.5% 0.5% 0.0%  0.1% 0.3% 0.3% 0.5% 0.2%  

 Utiliz. 94.3% 97.0% 89.0% 92.6% 86.0% 39.8% 89.4% 97.0% 87.6% 94.9% 89.3% 38.7% 

 #reloc. 10(78) 9(124) 16(36) 17(55) 0(43)  2(52) 9(124) 10(30) 18(75) 5(60)  

 #>24h 3(233) 0(241) 3(25) 1(68) 0 (39)  1(84) 0(239) 1(16) 0(121) 1(79)  

 Walk 337 383 99 141 82  138 377 68 226 147  
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Period 3: 
July-August 

Basic allocation Seasonal allocation 

HPB K-V Motion GE System Flex HPB KV Motion GE System Flex 

S4-
0 

Alloc. 40 38 49 43 37 0  

 %flex - - - - - - 

 %other 0.0% 0.2% 0.0% 0.3% 0.0% - 

 Utiliz. 69.2% 89.0% 73.3% 88.2% 70.1% - 

 #reloc. 0 27 0 33 0 - 

 #>24h 0 16 0 35 0 - 

 Walk 0 86 0 144 0 - 

S4-
1 

Alloc. 36 41 45 50 35 0 35 44 44 51 33 0 

 %flex - - - - - -       

 %other 0.2% 0.1% 0.1% 0.3% 0.0%  0.3% 0.0% 0.1% 0.2% 0.1%  

 Utiliz. 74.3% 83.6% 79.2% 77.8% 73.3% - 76.7% 78.2% 80.8% 76.4% 77.5%  

 #reloc. 3 11 2 5 0 - 5 1 3 3 2  

 #>24h 0 3 0 4 0 - 0 0 0 3 0  

 Walk 6 28 4 18 0 - 10 2 6 12 4  

S4-
2a 

Alloc. 34 39 43 48 33 10 36 41 43 50 33 4 

 %flex 0.5% 1.4% 0.2% 0.6% 0.1%  0.0% 0.7% 0.2% 0.4% 0.1%  

 %other 0.3% 0.0% 0.0% 0.0% 0.0%  0.2% 0.0% 0.0% 0.0% 0.0%  

 Utiliz. 78.5% 86.8% 82.6% 80.8% 77.6% 8.8% 74.3% 83.2% 82.6% 77.8% 77.5% 12.1% 

 #reloc. 5 (3) 0 (30) 0 (5) 0 (9) 0 (2)  3 (0) 0 (11) 0 (5) 0 (5) 0 (2)  

 #>24h 0 (0) 0 (0) 0 (0) 0 (6) 0 (0)  0 (0) 0 (3) 0 (0) 0 (4) 0 (0)  

 Walk 22 120 20 60 8  6 56 20 36 8  

S4-
2d 

Alloc. 30 33 43 45 30 26 36 38 43 50 33 7 

 %flex 1.7% 8.3% 0.2% 1.5% 1.7%  0.0% 2.1% 0.1% 0.4% 0.1%  

 %other 0.5% 0.2% 0.0% 0.0% 0.0%  0.2% 0.0% 0.0% 0.0% 0.0%  

 Utiliz. 87.3% 95.2% 82.7% 85.4% 84.2% 17.0% 74.3% 88.5% 82.6% 77.8% 77.5% 13.6% 

 #reloc. 9 (18) 5 (58) 0 (5) 0 (21) 0 (12)  3 (0) 0 (27) 2 (3) 0 (5) 0 (2)  

 #>24h 0 (11) 0(118) 0 (0) 0 (16) 0 (15)  0 (0) 0 (18) 0 (0) 0 (4) 0 (0)  

 Walk 47 186 5 37 27  6 25 7 9 2  
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Period 4: 
Sep – Dec 

Basic allocation Seasonal allocation 

HPB K-V Motion GE System Flex HPB KV Motion GE System Flex 

S4-
0 

Alloc. 40 38 49 43 37 0  
 

 %flex - - - - - - 

 %other 0.0% 2.0% 0.0% 7.8% 0.0%  

 Utiliz. 72.7% 90.6% 78.8% 95.5% 70.7%  

 #reloc. 0 35 2 147 0  

 #>24h 0 40 0 231 0  

 Walk 0 150 12 868 0  

S4-
1 

Alloc. 36 41 45 50 35 0 32 42 46 54 33 0 

 %flex - - - - - - - - - - - - 

 %other 0.0% 0.5% 0.6% 2.1% 0.1% - 0.7% 0.2% 0.4% 0.8% 0.5% - 

 Utiliz. 74.7% 85.0% 84.7% 87.2% 74.0% - 82.9% 82.6% 82.9% 81.9% 78.0% - 

 #reloc. 1 15 18 62 2  11 9 12 28 13  

 #>24h 0 4 7 41 0  8 0 3 12 1  

 Walk 2 38 98 270 4  38 18 58 112 28  

S4-
2a 

Alloc. 34 39 43 48 33 10 31 40 44 54 32 6 

 %flex 0.1% 1.3% 1.3% 3.0% 0.5% - 0.8% 0.8% 0.9% 0.7% 0.9% - 

 %other 0.1% 0.1% 0.0% 0.3% 0.0% - 0.3% 0.1% 0.0% 0.1% 0.0% - 

 Utiliz. 77.9% 87.3% 87.8% 89.5% 77.7% 24.1% 84.6% 85.5% 86.1% 81.6% 79.8% 22.9% 

 #reloc. 3 (2) 3(42) 0(52) 9(135) 0(13)  8 (15) 2(20) 1(22) 6(22) 1(20)  

 #>24h 0(0) 0(7) 0(2) 4(9) 0(1)  0(8) 1(10) 0(15) 0(12) 0(6)  

 Walk 14 202 216 618 56  108 126 154 156 106  

S4-
2d 

Alloc. 30 33 43 45 30 26 29 35 43 52 29 19 

 %flex 1.6% 8.4% 1.3% 5.1% 2.4%  2.2% 5.0% 1.2% 1.4% 3.4% - 

 %other 0.1% 0.0% 0.0% 0.6% 0.0% - 0.1% 0.0% 0.1% 0.1% 0.1% - 

 Utiliz. 87.2% 96.1% 87.8% 93.0% 83.8% 25.8% 89.3% 93.6% 87.8% 84.2% 85.7% 22.4% 

 #reloc. 4(25) 1(110) 1(29) 23(97) 0(44)  4 (42) 0 (76) 3 (27) 3 (41) 2 (57)  

 #>24h 0(20) 0(207) 0(24) 8(151) 0(23)  0 (32) 0(113) 0 (24) 0 (25) 0 (37)  

 Walk 53 319 70 314 67  77 189 66 76 98  
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Appendix D. Distribution LOS 
In the graphs below, the distribution of the length of stay of two healthcare clusters, Systemic diseases 

and Motion, are presented. As can be derived from the pattern, it seems to follow a negatively 

exponential distribution. However, there are always values in the tail of the distribution that occur 

frequently and values that do not occur at all.  

 

 

 


